Gembloux Agro-Bio Tech

UNIVERSITE LIBRE DE BRUXELLES UniversitédeLiége
FACULTE DES SCIENCES GEMBLOUX AGRO-BIO TECH
Ecole Interfacultaire de Bioingénieurs Département BIOSE

Service d’Ecologie du paysage et des Systémes de Ulrjizs Elloelvesiis e e

Production Végétale

ESTIMATING THE ABOVEGROUND BIOMASS OF CENTRAL AFRICAN

TROPICAL FORESTS AT THE TREE, CANOPY AND REGION LEVEL

Thesis submitted in fulfillment of the requirements for the degree of Doctor (Ph.D.) in Agronomy and
Bioengineering
By

Jean-Frangois Bastin

Collaborations

- Ecole Régionale post-universitaire d’Aménagement et de gestion Intégrés des Foréts et Territoires tropicaux
(ERAIFT), Kinshasa, the Democratic Republic of the Congo.

- Botanique et bioinformatique de I'architecture des plantes (AMAP), Montpellier, France.



5152404 |e21d0J4] UBDLIY [BJIUDD JO SSewolq punosdanoge ay3 Suizewilsy




Human pressure on forest resources increased significantly during the past decades through land use and land
use change, especially in the tropics where forest clearing is a major source of CO, release in the atmosphere.
Consequently, forests are the focus of international environmental policies and discussions aiming to reduce
emissions from deforestation and forest degradation (i.e., REDD+). The capacity of participating countries to
regularly provide accurate forests C stocks measurements at a national scale thus represents an important
challenge to address. In dense forests, generally only the above ground biomass (AGB) is measured as it
accounts for more than 50% of total C stocks. However, important gaps remain at each scale of measurement,
i.e. from felled tree to regional mapping, with the resulting errors propagation through these different scales
being probably the most concerning issue.

In the present work, we propose to address these issues by using a multi-scale approach in order to improve
our global understanding of AGB variations in dense tropical forests of Central Africa. In particular, we studied
(i) forest AGB prediction from remote-sensing textural analysis, (ii) the potential role of largest trees as
predictor of the entire forest-stand AGB and (iii) intra- and inter-individual radial variation of wood specific
gravity (WSG, i.e. oven-dry mass divided by its green volume) and its potential consequences on the estimation
of the AGB of the tree.

First, we analyzed the potential use of textural analysis to predict AGB distribution based on very high spatial
resolution satellite scenes. In particular, we used the Fast Fourier Transform Ordination (FOTO) method to
predict AGB from heterogeneous forest stands of the Democratic Republic of the Congo (DRC). Here, based on
26 ground plots of 1-ha gathered from the field, plus a successful combination of Geoeye and Quickbird
contrasted scenes, we were able to predict and to map AGB with a robust model (R? = 0.85; RMSE = 15%) based
on textural gradients.

Secondly, the research of AGB indicators was focused on the dissection of the role played by largest trees. Here
we found largest trees not only hold large share of forest carbon stock but they contain the print of most of
forest-stand structure and diversity. Using a large dataset from western Cameroon to eastern DRC, we
developed a non-linear model to predict forest carbon stock from the measurement of only a few large trees.
We found the AGB of the 5 % largest stems allow to predict the AGB of the entire forest-stand yielding an R? of
0.87 at a regional scale. Focusing on largest trees species composition, we also showed only 5 % of species
account for 50 % of total AGB.

In the end, we investigated inter- and intra-individual WSG variations. Despite recognized inter- and intra-
specific variations along the radial axis, their ecological determinants and their consequences on trees
aboveground biomass assessments remain understudied in tropical regions. To our knowledge, it has never
been investigated in Africa. Using a 3-D X-Ray scanner, we studied the radial WSG variation of 14 canopy
species of DRC tropical forests. Wood specific gravity variance along the radial profile was dominated by
differences between species intercepts (~76%), followed by the differences between their slope (~11%) and
between individual cores intercept (~10%). Residual variance was minimal (~¥3%). Interestingly, no differences
were found in the comparison of mean WSG observed on the entire core and the mean WSG at 1-cm under the
bark (intercept ~0; coefficient = 1.03). In addition, local values of WSG are strongly correlated with mean value
in the global data base at species level.

| deeply believe these results favor the development of promising tools to map and to estimate accurately the
AGB of tropical forest-stands. The information provided by largest trees on the entire forest-stand is
particularly interesting both for developing new sampling strategies for carbon stocks monitoring and to
characterize tropical forest-stand structure. In particular, our results should provide the opportunity to
decrease current sampling cost while decreasing its main related uncertainties, and might also favor an
increase of the current sampling coverage.



Jury composition

Gregory Mahy
Gembloux Agro Bio-Tech, Université de Liege
Olivier Hardy
Université libre de Bruxelles
Nicolas Barbier
Unité Mixte de Recherche, laboratoire de botAnique et bioinforMatique de
I’Architecture des Plantes (AMAP), Montpellier, France
Marius Gilbert
Université libre de Bruxelles
Adeline Fayolle
Gembloux Agro Bio-Tech, Université de Liege
Jan Bogaert
Gembloux Agro Bio-Tech, Université de Liege
Charles De Canniére

Université libre de Bruxelles

President

Secretary

Reporter

Reporter

Reporter

Co-supervisor

Co-supervisor






Ever failed. Ever tried. No matter.
Try again. Fail again. Fail better.
S.Beckett
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Human pressure on forest resources increased significantly during the past decades through land use
and land use change, especially in the tropics where forest clearing is a major source of CO, release
in the atmosphere. Consequently, forests are the focus of international environmental policies and
discussions aiming to reduce emissions from deforestation and forest degradation (i.e., REDD+). The
capacity of participating countries to regularly provide accurate forests C stocks measurements at a
national scale thus represents an important challenge to address. In dense forests, generally only the
above ground biomass (AGB) is measured as it accounts for more than 50% of total C stocks.
However, important gaps remain at each scale of measurement, i.e. from felled tree to regional
mapping, with the resulting errors propagation through these different scales being probably the
most concerning issue.

In the present work, we propose to address these issues by using a multi-scale approach in order to
improve our global understanding of AGB variations in dense tropical forests of Central Africa. In
particular, we studied (i) forest AGB prediction from remote-sensing textural analysis, (ii) the
potential role of largest trees as predictor of the entire forest-stand AGB and (iii) intra- and inter-
individual radial variation of wood specific gravity (WSG, i.e. oven-dry mass divided by its green
volume) and its potential consequences on the estimation of the AGB of the tree.

First, we analyzed the potential use of textural analysis to predict AGB distribution based on very
high spatial resolution satellite scenes. In particular, we used the Fast Fourier Transform Ordination
(FOTO) method to predict AGB from heterogeneous forest stands of the Democratic Republic of the
Congo (DRC). Here, based on 26 ground plots of 1-ha gathered from the field, plus a successful
combination of Geoeye and Quickbird contrasted scenes, we were able to predict and to map AGB
with a robust model (R? = 0.85; RMSE = 15%) based on textural gradients.

Secondly, the research of AGB indicators was focused on the dissection of the role played by largest
trees. Here we found largest trees not only hold large share of forest carbon stock but they contain
the print of most of forest-stand structure and diversity. Using a large dataset from western

Cameroon to eastern DRC, we developed a non-linear model to predict forest carbon stock from the
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measurement of only a few large trees. We found the AGB of the 5 % largest stems allow to predict
the AGB of the entire forest-stand yielding an R? of 0.87 at a regional scale. Focusing on largest trees
species composition, we also showed only 5 % of species account for 50 % of total AGB.

In the end, we investigated inter- and intra-individual WSG variations. Despite recognized inter- and
intra-specific variations along the radial axis, their ecological determinants and their consequences
on trees aboveground biomass assessments remain understudied in tropical regions. To our
knowledge, it has never been investigated in Africa.

Using a 3-D X-Ray scanner, we studied the radial WSG variation of 14 canopy species of DRC tropical
forests. Wood specific gravity variance along the radial profile was dominated by differences
between species intercepts (¥76%), followed by the differences between their slope (~11%) and
between individual cores intercept (~10%). Residual variance was minimal (~3%).

Interestingly, no differences were found in the comparison of mean WSG observed on the entire core
and the mean WSG at 1-cm under the bark (intercept ~0; coefficient = 1.03). In addition, local values
of WSG are strongly correlated with mean value in the global data base at species level.

| deeply believe these results favor the development of promising tools to map and to estimate
accurately the AGB of tropical forest-stands. The information provided by largest trees on the entire
forest-stand is particularly interesting both for developing new sampling strategies for carbon stocks
monitoring and to characterize tropical forest-stand structure. In particular, our results should
provide the opportunity to decrease current sampling cost while decreasing its main related

uncertainties, and might also favor an increase of the current sampling coverage.
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La pression anthropique sur les ressources forestieres a augmenté considérablement au cours des
dernieres décennies, en particulier dans les tropiques ou la déforestation est une importante source
de rejet de CO, dans I'atmosphére. Par conséquent, les foréts sont au cceur des politiques et des
discussions internationales visant a réduire les émissions de gaz a effet de serre dues a la
déforestation et la dégradation des foréts (i.e., REDD +). La capacité des pays participants a fournir
régulierement le niveau de stocks de carbone des foréts a échelle nationale représente donc un défi
important a relever. Dans les foréts denses, la biomasse aérienne ligneuse est plus couramment
mesurée car elle représente plus de 50% des stocks totaux de C. Cependant, d'importantes lacunes
demeurent a chaque échelle de mesure de la biomasse aérienne ligneuse, partant de I'arbre abattu
jusqu’a la cartographie régionale. De plus, la propagation des erreurs a travers ces différentes
échelles de travail constituent probablement le probléme plus inquiétant.

Dans le présent travail, nous proposons de répondre a ces questions en utilisant une approche multi-
échelle afin d'améliorer notre compréhension globale des variations de la biomasse aérienne
ligneuse dans les foréts denses de I'Afrique centrale. En particulier, nous avons étudié (i) la prédiction
de la biomasse des foréts par I'analyse de la texture de la canopée par télédétection, (ii) le role
potentiel des arbres les plus grands comme prédicteur de I'ensemble de la biomasse de la forét et
(iii) la variation radiale intra et inter-individuelle de densité de bois et ses conséquences potentielles
sur I'estimation de la biomasse de I'arbre.

Tout d'abord, nous avons étudié le potentiel de I'analyse texturale de la canopée pour prédire la
distribution de la biomasse aérienne ligneuse sur base d'image satellite trés haute résolution
spatiale. En particulier, différents gradients de textures ont été quantifiés sur base d'une transformée
de Fourier appliquée sur I'image satellite, suivie d'une ordination des spectres de Fourier obtenus. De
cette ordination nous avons identifié une série de prédicteur de la biomasse aérienne ligneuse de
peuplements forestiers hétérogenes de la République démocratique du Congo (RDC). Ici, sur la base
de 26 parcelles de terrain de 1 ha, et de I'association de deux images satellites (Geoeye et Quickbird)

prises dans des conditions d'acquisition différentes, nous avons été en mesure de prédire et de
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cartographier la biomasse aérienne ligneuse avec un modele robuste, ou 85 % de la variance totale
de la biomasse sont expliqués et ne présente que 15 % d'erreur par rapport a la moyenne observée.
Deuxiemement, la recherche d'indicateurs de la biomasse aérienne ligneuse a été axée sur la
caractérisation du role joué par les arbres plus grands. Ici, nous avons trouvé que les arbres les plus
grands, non seulement détiennent une part importante des stocks de carbone forestier, mais ils
contiennent une grande part de l'information sur la structure compléte du peuplement et sur sa
richesse spécifique. Cette étude se base sur un grand set de données (175 parcelles de 1 ha), allant
de I'ouest du Cameroun est de la RDC. En particulier, nous avons développé un modele de prédiction
de la biomasse aérienne ligneuse totale sur base de la mesure de quelques grands arbres. Les
résultats de ce modéle nous montrent qu'avec seulement 5 % des individus les plus grands, nous
pouvons prédire 87 % de la variation de la biomasse aérienne ligneuse totale avec seulement 14 %
d'erreur. A échelle régionale, nous avons également montré que la richesse spécifique des 5 % les
plus grands constitue un bon indicateur de la richesse spécifique globale vu qu'ils en explique 50 %
de la variance.

Enfin, nous avons étudié les variations inter- et intra-individuelles de densité du bois. En dépit des
variations de densité reconnues le long de l'axe radial, leurs déterminants, leurs conséquences
écologiques et leurs conséquences sur les estimations de la biomasse aérienne ligneuse des arbres
ont tres peu été étudiées en Afrique. Dans ce chapitre, nous avons étudié la variation radiale de la
densité de bois de 14 especes de la canopée des foréts tropicales de la RDC via l'utilisation d'un
scanner a rayon X sur des échantillons de carotte de bois. Nous avons pu y observer que la variation
de la densité du bois le long de I'axe radial s’explique principalement par des différences constantes
(intercept) propres aux especes (76 % de la variance), suivie par les différences entre leurs pentes (~
11 %) et les différences constantes entre les individus (~ 10 %). En outre, nous avons pu observer que
les valeurs moyennes de densité de bois obtenues par espece sont fortement corrélées aux valeurs
disponibles dans des bases de données globales. Fait intéressant, aucune différence n'a pu étre

décelée dans la comparaison de la moyenne de la densité de bois observée sur I'entiereté du profil
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des carottes prélevées et de leur densité moyenne a 1 cm sous |'écorce (interception ~ 0; coefficient
=1,03).

Nous pensons que ces résultats favorisent le développement d'outils prometteurs pour cartographier
et évaluer avec précision la biomasse aérienne ligneuse des foréts tropicales. En particulier, les
informations sur l'entiereté du peuplement forestier contenues dans les plus gros arbres sont
intéressantes tant pour le développement de nouvelles stratégies d'échantillonnage que pour
comprendre |'écologie des foréts tropicale. En pratique, ces résultats devraient donner l'opportunité
de diminuer les co(ts d'échantillonnage tout en réduisant ses principales incertitudes connexes. Ces
résultats devraient contribuer au renforcement des capacités des pays participant au programme
REDD+, et donc leur permettre de diminuer les incertitudes sur leurs estimations de stock de carbone

a échelle nationale.
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AGB: Aboveground biomass

BRLU: the herbarium and botanical library of the ULB
COP: Conference of the Parties

FAO: Food and Agriculture Organization

FOTO: Fourier textural ordination

GHG: Greenhouse gases

GLAS : Geoscience Laser Altimeter System

GMST: Global mean surface temperature

IPCC: Intergovernmental panel for climate change
LiDAR : Light Detection And Ranging

MRV: Measuring, reporting and verifying

NGO: Nongovernmental organization

REDD: Reduced Emissions from Deforestation and forest Degradation

REDD+: Reduced Emissions from Deforestation and forest Degradation and the role of conservation,

sustainable management of forests and enhancement of forest carbon stocks

SAR : Synthetic Aperture Radar

UMR-AMAP: the joint research unit for plant architecture, botany and bioinformatics of Montpellier

UNEP: United Nations Environment Program

UNFCCC: United Nation Framework Convention on Climate Change

VHR: Very high spatial resolution (pixel resolution < 1 m)

WMO: World Meteorological Organization

WSG: Wood specific gravity, i.e. the wood oven-dry mass divided by its green volume

WWEF: World wide fund for nature
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Figure 0- 1. Error propagation in forest AGB estimations. Illustration through the main scale of work
generally considered. Numbers and references are given as an example for the case of Africa. Some
examples of common sources of errors are cited for each level (in grey). The figure is inspired from
Chave et al. (2004) and Clark and Kellner (2012). ...........cccueeeueeeeeresieeieeesieeeseeesieesseaesaeassesesseaans 49
Figure 0- 2: Observed global mean land and ocean surface temperature anomalies relative to the
1961 — 1990 period. Annual and decadal averages are displayed (IPCC 2013). Black : Lawrimore et al.
(2011); orange: Jones et al. (2012); red: Hansen et al. (2010) and blue (Rohdes et al. 2013). ............. 54
Figure 0- 3: Observed global mean Sea level and Artic sea-ice extent anomalies relative to the 1961
— 1990 period (IPCC 2013). Arctic sea-ice extent sources: Green: Walsh and Chapman (2001), Blue:
Rayner et al., (2003), Red: Comiso and Nishio (2008), Black: Cavalieri and Parkinson (2008) and
Parkinson and Cavalieri (2012), Yellow: Comiso and Nishio (2008), Orange: Markus and Cavalieri
(2000). Sea-level sources : Black: Church and White (2011), Yellow: Jevrejeva et al. (2008), Green: Ray
and Douglas (2011), Red: Nerem et al. (2010), Orange: Ablain et al. (2009), Blue: Leuliette and
Kol Lo 4 e Yo X 70 L0 ) SRS 54
Figure 0-4 : The carbon cycle — reservoirs and fluxes (adapted from IPCC 2013). The atmosphere
store about 830 PgC (Prather et al. 2012, Joos et al. 2013), an amount that increases each year of
4PgC due to human activities. The vegetation live biomass store about 360 PgC and 500 PgC in soils,
deadwood and litter (Pan et al. 2011). CO, is removed from the atmosphere by plant photosynthesis
and can be released back into the atmosphere by autotrophic (plant) and heterotrophic (soil microbial
and animal) respiration and additional disturbance processes (119 PgC yr—1, (Beer et al. 2010). A
fraction of soil carbon is transported by freshwaters and is outgazed as CO, (~1 PgC yr™) is delivered
by rivers to the coastal ocean as dissolved inorganic carbon, dissolved organic carbon and particulate
organic carbon (Tranvik et al., 2009). Atmospheric CO, is exchanged with the surface ocean through
gas exchange. This exchange flux is driven by the partial CO, pressure difference between the air and
the sea. The total amount of carbon in the oceans account about 40 000 PgC (Hansell et al. 2009).

Note there is an additional amount of in permafrost soils of about 1700 PgC (Tarnocai et al. 2009).
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Fossil fuels and deforestation are the main sources of anthropogenic CO, emissions accounting
respectively for 7.8 PgC yr-1 (GEA 2006) and 1.1 PgC yr-1 (Pan et al. 2011). ........ccccuveeecveveeecreraeannen, 57
Figure 0-5.Carbon stocks of world and tropical forests. Distribution of Carbon stocks in world’s
forests in 2007 (A, C). Evolution of the percentage of forest carbon stocks in world forest (B) and in
tropical forest (D) using 1990's at the reference level. The figure is inspired from Pan et al. (2011). .. 59
Figure 0-6. lllustration of five scenarios of forest cover in Katanga province (Democratic Republic of
the Congo), considering the combination of five different forest types. A: Dense rainforest; B: A +
Edaphic forests; C: B + secondary forests; D: C + woodlands; E: D+ savannah woodlands. Map based
on Lagmouch and HArdy (2008). .........u..eeeee e eeetee e ettt e et ttee e e s tee e e s taa e e sttt a e e e sseaaeesasanaeeesees 61
Figure 0- 7. DBH:H allometry of contrasted species measured in the Malebo study site of the
Democratic Republic of the Congo. Staudtia kamerunensis (blue) and Klainedoxa gabonensis
(orange). The continuous curves represent the fitted exponential 3-parameters regressions for both
species. The dotted curves represent the fitted 3-parameters exponential regression for whole the
tree measured in the Malebo StUAY SItE...........oueecueeeeeciiieeeciie ettt e ettt e st e e ea e et e e e steaesssseees 74
Figure 0- 8. Flowchart of the method. Step1: Fourier Textural Ordination (FOTO) of the raw satellite
images (Quickbird-2 and Geoeye-1). Step2: Correction of Geoeye-1 texture r-spectra through a
correspondence between the two satellite scenes calculated from the shared areas. Step3a:
Ordination of the r-spectra through a PCA analysis and extraction of texture indices. Step3b:
Classification of the textural class with the k-means method. Step4: Aboveground biomass (AGB)
prediction model developed for each texture class, using texture indices as predictors. Step5: Cross
validation of the model with a Leave-0One-Out MELAOM. ...............ccueeeeecueeeeeciiieeeciieeeeicieeeescveaeescveean 85

Figure 0- 9. Fourier Textural Ordination workflow. From image delineation to the production of an

Figure 0- 10. The Congo Basin Forests, biomass inventory plots and DRC forest logging concession
areas. Whitedots represent the distribution of the plots of the African Tropical Observation

Network(AfriTRON, consulted the 27.05.2014). Red hatched lines represent areas occupied forest

34


file:///H:/Année%204/Thèse/thesis_21_07.docx%23_Toc393889331
file:///H:/Année%204/Thèse/thesis_21_07.docx%23_Toc393889331
file:///H:/Année%204/Thèse/thesis_21_07.docx%23_Toc393889331

logging concession in activity in DRC  registered to the 'Direction des Inventaires et
AMENAGEMENLSFOrESIEIS' (DIAF). ..c...eeeeeeeeeeeeeeeee ettt e et e e ettt e e e ettt e e e s ette e e e s ersaeaessssseassssseeaesns 93
Figure 0- 11. The Malebo area, Bandundu Province, The Democratic Republic of the Congo.
Snapshot from a True Color raster image taken with the Pleiades satellite in July 2013. Dark green
corresponds to dense forests, light green to colonizing forests, edaphic forests and woody savannah
and light brown correspond to herbaceous savannah and bare SoOils................ccccccvvvveeeeeeesicciivivernnannn, 96
Figure 0- 12. Forest stands representative of the Malebo area. Uapaca guineensis colonizing forests
(A), composed of many small trees (< 15 m of height), and Marantaceae forests (B) with a few large
trees (> 30 m of height) in the middle of an empty understory fulfilled with Marantaceae................ 97
Figure 0- 13. Sketch of Terra firme forest situated near the Lake Tumba. This forest description was
realized in 1955 by Pr.Bouillenne and illustrates well the kind of forest encountered in the Malebo
area. Note Piptadenia Africana corresponds to Piptadeniastrum africanum. ................ccceeeccvvveeennen. 99
Figure I- 1. Study area with forest cover binary map (forest in grey vs. non-forest in white) over a
complex mosaic of heterogeneous forest stands and savannas at the edge of the Congo Basin Forest,
Democratic Republic of Congo, Bandundu. The footprints of the Geoeye-1 and Quickbird-2 scenes
used in this study are represented by dashed rectangular boxes. Crosses represent the location of the

26 field plots (1 hectare each). 121

Figure I- 2. Flowchart Of the MeELROd........................ooooeeeeeeeeiieeeee et eecte e e s eta e e e eeaaa e e 128
Figure I- 3. Close-up (750 m x 250 m) within the shared area between Geoeye-1 andQuickbird-2
scenes showing the results of the different processing steps. A/ panchromatic images (spatial
resolution = 1 m); B-C/ Red-green-blue composites mapping the scores along the three first PCA axes
on the uncorrected (B) and corrected (D) Fourier r-spectra (pseudo-resolution = 25 m); C-E/Cluster
maps of the 3-classes k-means classification on the uncorrected (C) and corrected (E) Fourier r-

spectra; F/ Inverted biomass maps with pixel resolution of 25m and mean filtering window of 3*3
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Figure I- 4. Comparison of FOTO PCA axes scores for Geoeye-1and Quickbird-2 scenes obtained within
the shared area with (black) and without (gray) r-spectra correction. Fits are obtained by model Il
major axis linear regressions. A/ scores along PCA axis 1: black: y=1.11x, R?=0.657; gray: y=0.72x-5.4,
R2=0.665; B/ scores along PCA axis 2: black: y=0.88x, R?=0.506; gray: y=0.95x+1.93, R?*=0.448; C/
scores along PCA axis 3 black: y=0.98x, R*=0.190; gray: y=0.48x-0.27, R?>=0.178. ......cccocovevvuvrvvreuern. 131
Figure I- 5. Synoptic results of the PCA on corrected Fourier r-spectra from 329 808 square Geoeye-1
and Quickbird-2, 100 m sides canopy image windows. A-B/ the two first factorial planes are
represented with grey dots with shading indicating the k-means texture class concerned. The black
crosses correspond to the scores of canopy windows co-located with field plots. The code of some
plots of contrasting structure is specified (cf. table 1). C/ loadings graph giving the proportion of total
variance explained by each PCA axis. D-E/ circles of correlation between spatial frequencies and PCA
AXES (I CYCIBSKIM). ..ottt ettt e ettt e e e et e e et eeete s e e e e e ataseaasaeetssesaseeeanes 134
Figure I- 6. Optimizing the piecewise calibration of the biomass inversion model. Goodness of fit (R?)
obtained for different numbers of k-means classes. (*) At least one k-means group has a non-
significant linear regression; (**) At least one k-means group only has less than three plot............. 135
Figure I- 7. Comparison between predicted and observed aboveground biomass (in Mg per hectare).
A/ Biomass prediction without segmentation; B/ Biomass prediction with piecewise regression on the
basis of three k-means groups. Gray level of the dots indicate respective group.................cccueeuu.... 136
Figure I- 8. Aboveground biomass (Mg/ha; R? = 0.85) , basal area (m?*/ha; R? = 0.71) and density of
large trees (count/ ha; R? = 0.76) - i.e trees with a dbh superior or equal to 70 cm- predicted from
textural indices using the piecewise regression MOAEI. .............cccceeeeeecveeeeeiiieeeeciieeeeeiiieeeecieea e e 138
Figure I- 9. Predicted aboveground biomass (Mg/ha) values from the Leave-One-Out cross-validation
performed with the piece-wise regression model and three k-means clusters. ............cccccevvvveeennnnn.. 138
Figure I- 10. Distribution of the RSE for the prediction of AGB from textural indices resulting from 999

random clustering. The size of random clusters equal 4 (left) and 11 (right) in order to compare the

36


file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511538
file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511538
file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511538
file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511538
file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511538
file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511540
file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511540
file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511540
file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511544
file:///F:/Année%204/Thèse/thesis_2406.docx%23_Toc392511544

simulated RSE with the RSE resulting from the k-means clustering (Coarse N=4; Inter = 11; High=11).

Figure I- 11. Comparison between aboveground biomass maps (in Mg per hectare) predicted (pixel
resolution = 100 m) from each of the two satellite images, A/ Geoeye-1 (acquisition parameters: view
zenith angle = 16.56°; sun azimuth angle = 125.3°; sun elevation = 57.2°, sun-sensor azimuth angle =
31.78) and B/ Quickbird-2 (acquisition parameters: view zenith angle = 5.4° sun azimuth angle =
53.5°% sun-elevation = 49.4°, sun-sensor azimuth angle = 95.1°). C/ Scattergrams from pixelwise
comparisons of the biomass values predicted from each image, using C/ a pixel resolution of 25m and
D/ a pixel resolution of 100m with moving average filter of order 2. C/ and D/, the dashed and
continuous line stand for the 1:1 and fitted lines, respectively............ccooueeevveieeeivveeeciieeeeeiieeaeeennns 142
Figure I- 12. Typical examples showing the variation or Fourier r-spectra and canopy windows
(Quickbird-2 scene) along the main biomass gradientin the different texture classes considered, i.e.
fine (A), intermediate (B) and coarse (C) texture. From left to right, are plotted respectively the
percentiles 0, 25, 50, 75 and 100 of the distribution of windows scores along the significant texture
axes obtained using the 3-classes PieCeWiSe MOl .............ccueeeeeceeeeeeiiiieeeiiieeeecieeeeccieeeesiea e 145
Figure I- 13. Typical examples showing the variation or Fourier r-spectra and canopy windows
(Quickbird-2 scene) along the main biomass gradient in the fine texture class. A to E correspond

respectively to percentiles 0, 25, 50, 75 and 100 of the distribution of windows scores along the

significant texture axes obtained in that class using the 3-classes piecewise modeil. ........................ 146
Figure I- 14. idem Figure 23 for intermediate texture Class ............ccceecvveeeeeiieeeeeciieeeeccieeeeecieaeeenens 147
Figure I- 15. idem Figure 23 for cOQrse texXture ClASS ...........ccovuieeevieeeeeeiieeeeeiieeeeecieeeecieeeeesceeaeeeaens 148

Figure II- 1. Site locations. Spatial distribution of the study sites superimposed in white on MODIS
composite map (Stéckli et al. 2005) (Bluemarble, Next-generation) centered on Central Africa. _Error!

Bookmark not defined.
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Figure II- 2. Proportion and prediction of AGB;or and speciesor from the larger trees. Results are
displayed considering the entire dataset (black dotted-line) superimposed to each study sites (colored
lines). Larger trees systematically monopolize AGBror (A), and predict most of AGBror variance (B), up
to an R? of 0.87 for the 20 largest trees (C). Species richness is generally important in the largest trees
but depends on forest type (D) as shown by the S-shaped curve of the Ituri site corresponding to
monodominant Gilbertiodendron dewevrei forests. Largest trees species richness predicts a non-
negligible share of total species richness (E) but presents a strong dependence on site location (F).

Error! Bookmark not defined.

Figure II-4. Proportion of AGB hyperdominant species by location. The sum of red (local and regional
BHD species) and light grey (local and not regional BHD species) barplots corresponds to the sum of
local BHD species (> 50 % of AGBior). White integers correspond to the number of species in each

fraction. Error! Bookmark not defined.

Figure llI- 1. lllustration of the 1-D microdensitometric profile of the wood density measured at 8 %
of relative humidity (g/cm3) from pith-to-bark (cm) for a core of Entandrophragma congoense (CJB
2011: angolense). The profile shows a decreasing trend near the pith which is stabilized after 5 cm.
Black-dotted points represent the mean wood density value along the profile extracted with a 1-cm

moving window. Error! Bookmark not defined.

Figure lll- 2. Diagnostics plots of the linear mixed nested models predicting WD radial variance
among species and Within SPECIES..........ccueeeccveeeeccieeeesiieeeeeiiieeeeeciieeeeaans Error! Bookmark not defined.
Figure llI- 3. Evaluation of the random effects. Conditional standard deviations of the intercept and
slope coefficient of the linear mixed nested models predicting WD radial variance among species and
10 LI L=t =X TSRS Error! Bookmark not defined.
Figure llI- 4. Best Unbiased Linear Predictors (BLUPs) of the full mixed model including random effects
for each of the 14 species investigated in the Malebo study site, in the Democratic Republic of the

(60T T Lo RO USRS Error! Bookmark not defined.
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Figure llI- 5. Variation in wood density measured at 8 % of relative humidity (g/cm?3) with distance
from the pith (cm) for 14 species investigated in the Malebo study site, in the Democratic Republic of
the Congo, with fitted values predicted by a linear mixed effect model fit by maximum likelihood
(Table 7, Model 1). Intercepts and coefficient correspond to the Best Unbiased Linear Predictors
(BLUPS, TADBIE 8)......eeeeeeeeeeeeeeeeeeete et ete et ettt e s taa e saaasereaenasaaens Error! Bookmark not defined.
Figure lll- 6. Distribution of the 14 species investigated in the Malebo study site, in the Democratic
Republic of the Congo, according to the Best Unbiased Linear Predictors (BLUPs, Table 8) intercept
and coefficient. Each species is colored according to its life-history strategy recorded in the
COFORCHANGE database (orange = NPLD; blue = SB; violet = Swamp). The dot size is scaled accord to
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Foreword

Anthropogenic greenhouse gases (GHG) emissions are the main reported driver of climate change
(IPCC 2013). After fossil fuels combustion, tropical deforestation is the second most important source
of GHG (van der Werf et al. 2009), contributing from 7 to 16 % of total emissions (Pan et al. 2011). As
a consequence, international policies have emerged with the aim to reduce emissions due to
deforestation and forest degradation, i.e. the REDD program (Agrawal et al. 2011). The application of
such program requires from each participating country to implement a national forest monitoring
system, and to support the Measurement, the Reporting and the Verification (MRV) of forest carbon
stocks. As a priority, the REDD program aims to create a new financial incentive for developing
countries by valorizing forest resources conservation through the carbon market (Agrawal et al.
2011). Here, Central African countries constitute the main challenge because their forests are
reported to be the less studied (Gibbs et al. 2007, Lewis et al. 2013) while they are arguably the less
prepared to meet international programs requirements (Agrawal et al. 2011).

In the tropics, the largest shares of forest carbon stocks are contained within the aboveground living
biomass (Pan et al. 2011), and as forest above-ground carbon stocks correspond to the half of their
dry aboveground biomass (AGB) (Gibbs et al. 2007) the main challenge for scientists is then to
develop accurate, precise and effective methods to assess forest AGB.

Tropical forest AGB estimation is one the ‘hottest’ topic in the current research on climate change,
forestry, remote-sensing and tropical ecology. Despite considerable efforts in the past few years to
improve our knowledge in each domain (e.g. Lewis et al. 2013, Chave et al. 2014, Mitchard et al.
2014), important gaps remain at each scale of measurement, i.e. from felled tree to regional
mapping (Chave et al. 2004, Clark and Kellner 2012, Réjou-Méchain et al. 2014, Mitchard et al. 2014).
The propagation of errors (Figure 0-1) through these different scales of work is probably the most
concerning issue (e.g. Chave et al. 2004, Clark and Kellner 2012). Regional mapping relies on remote-
sensing methods but also on ground sampling quality, which themselves depend on the quality of
AGB measurement based on felled trees. Identification of these problems led Clark and Kellner

(2012) publishing a paper on the ‘tropical forest biomass estimation and the fallacy of misplaced
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concreteness’. The motivation of this publication was the ascertainment that most of published
works on AGB measurement and estimations don’t do it properly. In order to improve the quality of
AGB estimations, Clark and Kellner propose to consider a new framework in which forests are seen as
a set of 'forest units', i.e. an assemblage of individual trees constituting the ‘forest-stand’, accounted
at each scale of measurement. This ‘unit’ or ‘forest-stand’ conception mirrors the 'layered forest' of
Hallé et al. (1978), in which tropical forests were compared considering an assemblage of trees
composing each layer of the forest, constituting a ‘forest unit’ or ‘forest-stand’ comparable between
the different locations.

These observations form the foundation of our work, where our main objective is to provide new
elements to improve our understanding of AGB distribution and variation throughout Central Africa
based on a multi-scale approach : the tree, the forest-stand ('forest unit') and the region (assemblage
of 'forest units'). The work performed at each scale considered aims to decrease uncertainties in AGB

estimation and to favour the implementation of the REDD program.

The introduction of this manuscript aims to provide a useful background on several levels:

= The role played by forests as carbon stocks and the resulting international policies that
have been developed. In particular we provide recent figures on the distribution and on
the dynamics of carbon stocks in the different forests of the world, with more detailed
information for the different tropical forests.

= The up-to-date methodologies and recent results obtained at each scale of AGB
measurement.

= A general history and description of the Congo Basin Forests and of the study site in

which | collected the data used in Papers 1 and 3.
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Regional mapping
Remote-sensing A A
African case : 100 % forest cover (Baccini et al. 2012)

Sources of error : Plot size * geolocation, plot quantity,

<
forest types representativity, appropriated local allometry, .E
cloud cover, sun-view sensor geometries, saturation, g
product sources diversity vs. area sampled, ... &
al
I: %
)
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Forestunith, . __[Forestunith, Forest estimations

1 Field plots
African case : 260 forest plots - units (Lewis et al 2013)

I Sources of error : Plot size, unappropriated allometry,
- B ground measurements, botanical identification,

P -

Felled trees measurements
Individual tree felled
African case : 1800 trees (Chave et al 2014)

Sources of error : Too small trees, not enough species,
trees felled individually, trees felled not randomly,
wood specific gravity variations not accounted

Figure O- 1. Error propagation in forest AGB estimations. Illustration through the main scale of work
generally considered. Numbers and references are given as an example for the case of Africa. Some
examples of common sources of errors are cited for each level (in grey). The figure is inspired from

Chave et al. (2004) and Clark and Kellner (2012).
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INTRODUCTION

PART 1: FORESTS AND CLIMATE CHANGE

Partially Includes the following publication :
Bastin et al 2011. Multiscalar analysis of the spatial pattern of forest ecosystems in Central Africa

justified by the pattern/process paradigm: two case studies.
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1. Climate change and carbon emissions

According to the fifth’s assessment report of the Intergovernmental Panel on Climate Change (IPCC)
published in 2013, the Earth’s radiative budget is imbalanced since at least the 1970s, with more
energy from the Sun entering than exiting the atmosphere (IPCC 2013). This uptake of energy has
impacted the climate system equilibrium and led to several changes, the main being a global
warming of the Earth’s surface.

The global mean surface temperature (GMST) has continuously increased on Earth since the 19™
century (IPCC 2013). The measured temperature, accounting land and ocean temperature data, show
a warming of 0.85 °C from 1880 to 2012 and about 0.72 °C from 1951 to 2012 (Figure 0-2). These
observations are consistent between different datasets recorded independently, accounting the
Global Historical Climatology Network Version 3 (GHCNv3; Lawrimore et al. 2011), Goddard Institute
of Space Studies (GISS; Hansen et al. 2010), the Center Research Unit gridded surface Temperature 4
(CRUTEM4; Jones et al. 2012) and a new data product from a group based predominantly at Berkeley
(Rohde et al. 2013). Furthermore, the global increase in temperature is confirmed by many
complementary observations realized in the last decades, such as the melting of Arctic sea-ice which
is about 10° km? per decades since 1979 (Figure 0-3; Cavalieri et al. 1984, Markus and Cavalieri 2000,
Walsh and Chapman 2001, Rayner 2003, Comiso and Nishio 2008, Cavalieri and Parkinson 2008,
Parkinson and Cavalieri 2012), and the increase of the sea level of about 2 millimeters per year since
1870s (Figure 0-3; Jevrejeva et al. 2008, Ablain et al. 2009, Leuliette and Scharroo 2010, Nerem et al.
2010, Church and White 2011, Ray and Douglas 2011). Other climate parameters are investigated to
describe and understand the current climate change and the consequences of a global warming (e.g.
the shrinking of glaciers, the increase of oceans’ salinity, the increase of oceans’ acidity, the increase
of occurrence of extreme climate events, the stability of the precipitations ...) but these are not

developed in the present section. For more information, we recommend to consult the fifth

assessment report of the IPCC which is available online on their website.
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Figure 0- 2: Observed global mean land and ocean surface temperature anomalies relative to the
1961 — 1990 period. Annual and decadal averages are displayed (IPCC 2013). Black : Lawrimore et al.
(2011); orange: Jones et al. (2012); red: Hansen et al. (2010) and blue (Rohdes et al. 2013).
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Figure 0- 3: Observed global mean Sea level and Artic sea-ice extent anomalies relative to the 1961 —

1990 period (IPCC 2013). Arctic sea-ice extent sources: Green: Walsh and Chapman (2001), Blue:
Rayner et al., (2003), Red: Comiso and Nishio (2008), Black: Cavalieri and Parkinson (2008) and
Parkinson and Cavalieri (2012), Yellow: Comiso and Nishio (2008), Orange: Markus and Cavalieri
(2000). Sea-level sources : Black: Church and White (2011), Yellow: Jevrejeva et al. (2008), Green: Ray
and Douglas (2011), Red: Nerem et al. (2010), Orange: Ablain et al. (2009), Blue: Leuliette and
Scharroo (2010)).
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Drivers of climate change are assessed through the measurement of ‘Radiative Forcing’ (RF) which
guantifies the changes in energy fluxes caused by alteration processes since the ‘Industrial era’, i.e.
from 1750 to 2011 (IPCC, 2013). Natural and anthropogenic processes can alter Earth’s energy
budget which reacts through a modification of the climate system equilibrium. Basically, positive RF
leads to an increase in earth surface temperature, while a negative RF leads to surface cooling. The
strength of climate change drivers can be therefore quantified through specific RF, expressed in Watt
per square meter (Wm™). The main potential anthropogenic drivers of climate change are: the well
mixed greenhouse gases (WMGHG; CO,, CH, and NO,), the Ozone, Aerosols and the Albedo resulting
from land surface changes. Main natural sources are the solar irradiance and the volcanic RF. RF of
each driver is generally assessed from the differences of concentrations between 1750 and the
present and translated in Wm™ from Myhre et al. (1998) formula. These are measured directly (in
situ) or indirectly (remote sensing) in the troposphere or at the top of the atmosphere (IPCC 2013).
Among aforementioned drivers, the largest contribution to total RF is caused by the increase of CO,
(IPCC 2013), which account for about 80 % of the total RF due to well-mixed greenhouse gases
(WMGHG; CO,, CH, and NO,). To assess anthropogenic impact on WMGHG emissions, past
concentrations of WMGHG have been estimated with high confidence through the analysis of the air
enclosed in polar ice cores (Joos and Spahni 2008, Kohler et al. 2011). It appears that today
concentration of WMGHG are the highest found since the last 800 000 years. From this period, the
pre-industrial ice core WMGHG concentrations stayed within well-defined natural limits with
maximum interglacial concentrations of approximately 300 ppm for CO, and minimum glacial
concentrations of approximately 180 ppm. Such variations have been successfully modeled from
natural orbital forcing. This term is used to denote the incoming solar radiation changes originating
from variations in the Earth’s orbital parameters as well as changes in its axial tilt. Orbital forcing is
well known from precise astronomical calculations for the past and future (Laskar et al. 2004).

It is now a fact that present-day (2014) concentrations of CO, (398.83 ppm, Dlugokencky and Tans

2014) exceed by far the range of concentrations recorded in the ice core records during the past 800
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000 years, and such increase cannot be explained by natural forcings only. Consequently, CO,
deserves a particular attention, especially considering anthropogenic sources of emissions.

The current carbon cycle on Earth can be described as a network of different reservoirs (Atmosphere,
Oceans, Vegetation, Soils and Permafrost) storing or emitting fluxes of CO,. On Figure 0-4, we
represented this carbon cycle, which is a simplified and updated version of the figure 6.1 of the IPCC
report of 2013. Basically, we can see the stock of all compartments (in PgC) and fluxes (in PgC per
year) between them. Natural fluxes (Pre-industrial era) are displayed in black and anthropogenic

fluxes (according to 2000 — 2009 emissions) are displayed in red.

The atmosphere store about 830 PgC (Prather et al. 2012, Joos et al. 2013), an amount that increases
each year of 4PgC due to human activities. The vegetation live biomass store about 360 PgC and 500
PgC in soils, deadwood and litter (Pan et al. 2011). CO, is removed from the atmosphere by plant
photosynthesis (Gross Primary Production (GPP), 123 PgC yr™", (Beer et al. 2010) and can be released
back into the atmosphere by autotrophic (plant) and heterotrophic (soil microbial and animal)
respiration and additional disturbance processes (119 PgC yr—1, (Beer et al. 2010). A fraction of soil
carbon is transported by freshwaters and is outgazed as CO, (~1 PgC yr™) is delivered by rivers to the
coastal ocean as dissolved inorganic carbon, dissolved organic carbon and particulate organic carbon
(Tranvik et al., 2009). Atmospheric CO, is exchanged with the surface ocean through gas exchange.
This exchange flux is driven by the partial CO, pressure difference between the air and the sea. The
total amount of carbon in the oceans account about 40 000 PgC (Hansell et al. 2009). Note there is an

additional amount of in permafrost soils of about 1700 PgC (Tarnocai et al. 2009).

Fossil fuels and deforestation are the main sources of anthropogenic CO, emissions accounting
respectively for 7.8 PgC yr-1 (GEA 2006) and 1.1 PgC yr-1 (Pan et al. 2011). Interestingly, these
exceedings are partly stored back (55 %) in the Ocean and the Vegetation reservoirs, where they are
almost equally distributed (IPCC 2013). However, 45 % of each year emissions remain in the

atmosphere and mainly contribute to the current climate change. These numbers emphasize the key
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role played by forests in climate change. In the next section we consequently focus on the

relationship between forest and their carbon stocks.
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Figure 0-4 : The carbon cycle - reservoirs and fluxes (adapted from IPCC 2013). The atmosphere
store about 830 PgC (Prather et al. 2012, Joos et al. 2013), an amount that increases each year of
4PgC due to human activities. The vegetation live biomass store about 360 PgC and 500 PgC in sails,
deadwood and litter (Pan et al. 2011). CO, is removed from the atmosphere by plant photosynthesis
and can be released back into the atmosphere by autotrophic (plant) and heterotrophic (soil
microbial and animal) respiration and additional disturbance processes (119 PgC yr—1, (Beer et al.
2010). A fraction of soil carbon is transported by freshwaters and is outgazed as CO, (~1 PgC yr) is
delivered by rivers to the coastal ocean as dissolved inorganic carbon, dissolved organic carbon and
particulate organic carbon (Tranvik et al., 2009). Atmospheric CO, is exchanged with the surface
ocean through gas exchange. This exchange flux is driven by the partial CO, pressure difference
between the air and the sea. The total amount of carbon in the oceans account about 40 000 PgC
(Hansell et al. 2009). Note there is an additional amount of in permafrost soils of about 1700 PgC
(Tarnocai et al. 2009). Fossil fuels and deforestation are the main sources of anthropogenic CO,

emissions accounting respectively for 7.8 PgC yr-1 (GEA 2006) and 1.1 PgC yr-1 (Pan et al. 2011).
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2. Carbon stocks and forests
Worldwide forests cover about 42 millions of km? across tropical, temperate and boreal regions,
corresponding to about 30 % of the total land surface (Bonan 2008). Besides numerous and various
services provided to the society, forests play an important role in the global carbon cycle (Bonan
2008, van der Werf et al. 2009, Pan et al. 2011). Pan and colleagues (2011) have estimated that
forests store in average about 861+ 66 Pg C, with 383 + 30 Pg C (44 %) in soil, 363 + 28 Pg C (42 %) in
live biomass, 73 + 6 Pg (8 %) in deadwood and 43 £ 6 Pg C (5 %) in litter.
Most of the carbon stocks are found in the tropics, i.e. 55 % of the total (Figure 0-5A), while boreal
and temperate forests contain respectively 32 % and 14 % of the total. On the other hand, carbon
density (MgC ha™) are present in same amounts in tropical and boreal forests, i.e. 240 MgC ha™;
while temperate forests only contain 155 MgC ha™. An important difference between boreal and
tropical forests concerns the distribution of the stocks through the different carbon pools; tropical
forests have most of their carbon stored in the living biomass (56 %), i.e. the aboveground part of the
trees and their roots, while boreal forest have the most in the soil (60 %).
Although the differences in forest carbon sinks appear consistent since the 1990’s, contrasted
dynamics are observed in the different biomes. While the sinks in temperate forests increased by 17
%, tropical sinks decreased by 23 % between 1990 and 2007 (Figure-0 5B). The dynamics are also
slightly different between the tropical regions: for example, the gross deforestation of tropical intact
forests is clearly more important in South Asia than in the other tropical biomes (Figure-0 5D). In
Africa, forests exhibit lower rates of deforestation than other continents (CBFP 2012). Indeed, the
current clearing is still generally very localized and is often associated with shifting agricultural
activities (CBFP 2012).
These numbers shed light on the particular case of tropical forests: while storing most of the world

forest carbon, they are the only one undergoing a net deforestation.
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Figure 0-5.Carbon stocks of world and tropical forests. Distribution of Carbon stocks in world’s
forests in 2007 (A, C). Evolution of the percentage of forest carbon stocks in world forest (B) and in

tropical forest (D) using 1990's at the reference level. The figure is inspired from Pan et al. (2011).

According to the last technical report of the Intergovernmental Panel on Climate Change (IPCC 2013),
tropical gross deforestation is between 0.9 PgC year™(Harris et al. 2012) and 2.9 PgC year™(Pan et al.
2011). The difference between the two estimations lies in the use of different methodologies. Pan et
al. (2011) based their estimations on field permanent plots (mainly from Food and Agriculture
Organization - FAO) and on a bookkeeping model (based field recording on permanent plots) for the
characterization of land-use change. They further extrapolated a mean value at the regional scale.
Harris et al. (2012) built a world map from field plots and the use of satellite imagery to identify land-
use change dynamics. If the second has the advantage of being spatially explicit (characterizing from
the deforestation, the degradation and the regrowth dynamics from satellite) and more transparent,

it does not mean the result is more accurate when considering carbon stocks dynamics; since carbon
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stocks are not homogeneously distributed within and between the different forest types. Therefore,
depending on the forest types accounted, conclusions on forests cover and on forest loss may greatly
vary. This is illustrated on Figure 0-6 which represents different scenarios of forest type aggregation
in the Katanga province of the Democratic Republic of the Congo (Bastin et al. 2011). The variation of
forest cover between the different scenarios emphasize conclusion of deforestation and carbon loss
as to be handled with caution and with a particular care on the forest types accounted.

In the following section, | remind briefly the main steps that led the countries from the world to face
the climate change issue, from the creation of the Intergovernmental Panel on Climate Change (IPCC)

to the potential valorization of forest lands in developing countries.
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Figure 0-6. lllustration of five scenarios of forest cover in Katanga province (Democratic Republic of
the Congo), considering the combination of five different forest types. A: Dense rainforest; B: A +
Edaphic forests; C: B + secondary forests; D: C + woodlands; E: D+ savannah woodlands. Map based

on Lagmouch and Hardy (2008).
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3. The intergovernmental Panel on Climate Change
The Intergovernmental Panel on Climate Change (IPCC) was created in 1988 by the World
Meteorological Organization (WMO) and the United Nations Environment Program (UNEP) in order
to assess the evolution of climate. In 1992, during the 'Earth Summit' organized in Rio, participating
countries started to realize the importance of climate change and its potential consequences. One
hundred ninety two world's nations adopted the international treaty that led to the formation of the
United Nation Framework Convention on Climate Change (UNFCCC). This formal treaty led to the
creation of a legally binding instrument in 1997, known as the 'Kyoto Protocol' (KP), which was
ratified by 184 countries. With the KP, 37 industrialized countries and the European Community
committed in a first commitment to reduce their emissions of GHG by an average of 5 % by 2012
against 1990 levels. The KP’s first commitment period started in 2008 and ended in 2012. Several
countries decided to withdraw from the protocol to avoid any financial penalties (e.g. United States
of America, Canada, Japan ...), but others performed better than expected: the 15 EU countries that
ratified originally the KP present together emissions below 14.9 % against 1990 levels. The second
commitment period started in Doha in 2012. Parties are now committed to reduce emissions by at
least 18 percent below 1990 levels in the eight-year period from 2013 to 2020, and to investigate

new options to reduce emissions from anthropogenic sources.

4. The REDD+ program
The negotiations and the investigations on the options to mitigate climate change began in 2005 in
the context of UNFCCC. They started to consider the forest lands in developing countries as a
possible key mechanism to reduce the climate change. The most significant decision has been taken
in 2009 during the 15t meeting of the Conference of the Parties (COP) in Copenhagen: an agreement
was found on ‘Reduced Emissions from Deforestation and Forest Degradation and the role of
conservation, sustainable management of forests and enhancement of forest carbon stocks’, or in
short REDD+ (Decision 4/CP.15). This is the first international agreement of this kind, including

forests and tropical forests in particular, which aim to favor developing countries economy while
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conserving most of their forest resources. In particular, the REDD+ program aims to create a new
financial incentive for developing countries by valorizing forest resources conservation
through the carbon market. Participating countries will have to establish two points (1) a
Reference Level and/or Reference Emission Level (RL/REL) and (2) a national forest monitoring

system to support the Measurement, Reporting and Verification (MRV) function of the Convention.

The present work is entirely dedicated to this second point.
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1. The aboveground biomass of the tree
In this section, we first remind the origins of tree biomass measurements in the tropics and focus on
the main recent improvements, particularly considering the case of Africa. We will further provide

more details on the Wood Specific Gravity (WSG), which is the focus of the third paper.

1.1. The need of standard approach in the tropics

Originally, one of the main issue in tropical forest AGB assessment was the lack of standard models,
hereafter referenced as ‘allometric model’, enabling to convert tree measurements into AGB
estimates (Chave et al. 2005). In temperate regions, mono-species allometric models are generally
used to estimate forest AGB (e.g. Brown and Schroeder 1999). However, the transposition of such
model to the tropics is difficult to apply considering the diversity of tree species in such forests, they
account as many as 300 different species on 1-ha in South America and as many as 100 on 1-ha in
Africa (Phillips et al. 1994, Turner 2001). Therefore, mixed-species models are generally preferred
(e.g. Brown 1997, see Table 1).

However, the first mixed-species models developed present large uncertainties and low consistency
between sites because they are generally site-dependent and based on a small number of harvested
trees (Chave et al. 2005). This has led to an important source of bias in AGB assessment of the forests
until now (Brown 1997, Clark and Clark 2000, Houghton et al. 2001, Chave et al. 2004). Moreover,
the selection of the most appropriated model is a problematic step, due to the multiplicity of their
mathematical formulations. While the three main variables to consider (the diameter at 130 cm -
DBH, the total height - H, the wood specific gravity - WSG) constitute a consensus since a long time
(e.g. Schumacher and Hall 1933), their implementation in allometric models presents various options
(e.g. linear, power, exponential). Generally the best formulation is selected according to model
selection criteria (goodness of fit, AIC, ...) but rarely according to the principle of parsimony
(Burnham and Anderson 2002), which stipulates that the quality of a fit should depend on the model
complexity — as measured by the number of parameter in a model, and consequently leads to the
selection of complex models. Moreover, considering the difficulties related to H and WSG field
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measurements, simple allometric model have been built (e.g. Brown 1997) by assuming a power-law
relationship between the logarithm of tree diameter and the logarithm of its height (Niklas 1995),
and a mean WSG value for tropical trees of 0.64 g/cm? (Chave et al. 2004). By doing this, the number
of variables involved can be reduced to one data easy to collect : the DBH. However, such models will
generally lead to important errors when applied outside the training area (with over- or under-

estimation superior to 25 % according to Mitchard and colleagues 2014).

1.2. The main advance: Chave 2005

In 1997, Sandra Brown from the FAO developed the first main contribution to the standardization of
the AGB estimations (Table 1). Based on 371 harvested trees (DBH = 5 cm), she was the first to
propose three simple models, only requiring the measurement of diameter at breast height (DBH),
and this for three forest types defined according to their precipitations regimes (i.e. Wet forest: >
4000 mm year, no dry season; moist forest: between 1500 and 4000 mm year™, short dry season;
dry forest: < 1500mm year™, several months of dry season). The following and main advance in the
field was delivered by Chave and colleagues in 2005. Based on an unprecedented database, i.e.
counting 2410 harvested trees (DBH > 5 cm) from tropical America and tropical Asia, they
significantly improve pan-tropical mixed-species model accuracy. Two sets of models were
developed, one including the measurement of tree height (model 1) and one without it (model I1).
The models always performed better when the three parameters were considered (Chave et al.
2005). For each set, they developed both one global model and one model per forest type (Table 1).
Forest types were also defined according to the precipitation regimes, with slight differences when
comparing to Sandra Brown's definitions (i.e. Wet forest : > 3500 mm year™, no dry season; Moist
forest: between 1500 and 3500 mm year™”, between 1 and 4 months of dry season; Dry forest: <
1500mm year™, + 5 months of dry season).

Chave's best model presented a maximum of 20 % of error in AGB estimates, with variables ranked

by decreasing importance being: the DBH, the WSG and H.
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Interestingly, Chave and collaborators (2005) showed that the inclusion of a continental-effect didn’t
help to improve models accuracy. This conservation of tree allometry across sites and, since no
species are shared between the sites, proved that this character is conserved across the phylogeny of
self-supporting trees. As a consequence, this result suggested Chave's models should perform well
even in non-sampled areas such as tropical Africa. Yet, since no trees were harvested in Africa for his

study, it remained the main issue discussed in the literature in the recent years (Gibbs et al. 2007).

1.3. From Chave 2005 to Chave 2014

The paper of Chave and colleagues (2005) combined to the emergence of the REDD+ program led to
a profusion of researches on local allometries in different regions of the African continent (e.g. Henry
et al. 2010, Djomo et al. 2010, Vieilledent et al. 2012, Fayolle et al. 2013, Ngomanda et al. 2014).
Each paper published a set of local allometric models and compared them to the most cited pan-
tropical models, i.e. Brown (1997) and Chave et al. (2005). In each investigated case, local models
performed better than pan-tropical models, which is not surprising considering the specificity of each
dataset (few sampled trees, few species). However, all the studies performed in Africa, except the
one performed by Ngomanda et al (2014), confirmed the validity of Chave’s model. Indeed, when
including all the variables (i.e. model 1), Henry et al. (2010) obtained no significant bias using the
model for the proper forest type, Djomo et al. (2010) obtained an average error of 20 % (similar to
the error mentioned in Chave et al. 2005); Vieilledent et al. (2012) noted a bias inferior to 6 %. Using
the two most important variables (DBH, WSG), Fayolle et. al (2013) obtained no significant bias
either. Only Ngomanda et al. (2014) obtained an important overestimation when using Chave’s
model (~40 %). Despite being the only case questioning the accuracy of Chave’s model for Africa, this
overestimation underlined the need of further investigations on African tree allometries.

Binding these new datasets on Africa to the previous database and adding new ones from other
tropical regions), Chave and colleagues (2014) built a single pan-tropical mixed-species model based
on a total of 4004 harvested trees (Chave et al. 2014). When all the variables are available (DBH, H,
WSG), the single model held across all the tropical regions without any effect from the region or from
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the environment. This model was also very close to the model for moist forests (model I) which was
developed in 2005. This (1) underlined the quality of the former study and (2) confirmed the
conservation of the allometry across the whole tropical phylogeny of self-supporting trees.

Furthermore, Chave and colleagues addressed, in their paper of 2014, a particular attention to recent
considerations about DBH:H relationship. This relationship have been shown to vary between the
tropical regions (Feldpausch et al. 2011, Banin et al. 2012). Here, Chave and colleagues (2014)
showed that the DBH:H relationship linearly depends on a bioclimatic stress factor combining
temperature variability, precipitations variability and drought intensity. As a consequence,
accounting for bioclimatic parameters when total height is not measured outperforms significantly all
the previous models developed without height (e.g. Chave 2005 model ll). Chave and colleagues
(2014) however recommended to use local DBH:H allometries prior than the estimation of height

from bioclimatic parameters.

1.4. The case of wood density

WSG is the second most important predictor of the AGB of a tree, after DBH (Chave et al. 2005,
2014). WSG ranges from 0.08 to 1.39 g.cm™ among tropical tree species (Zanne et al. 2009) and is
strongly conserved across the phylogeny (Slik 2006, Chave et al. 2006): a nested analysis performed
on 2456 Amazonian species showed that 74 % of WSG variance is explained by the genus, 34 % by
the family and 19 % by the order (Chave et al. 2006). This finding offered the possibility to use the
genus average instead of species-specific values when there are no data available on the
species(Baker et al. 2004, Slik 2006).

Due to difficulties related to field measurements, WSG has often been extracted from global
database (Zanne et al. 2009) and then merged with species inventory records. As a consequence, the
potential variation of WSG within a given species or even within a tree has been completely
neglected. Hence, potential large intra-individual and intra-species radial and vertical variation of
WSG are reported in the literature (e.g. Wiemann and Williamson 1988, Fearnside 1997, Woodcock
and Shier 2002, Nock et al. 2009, Hietz et al. 2013, Osazuwa-Peters et al. 2014). The most striking
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results were found for gap-pioneer species, exhibiting a radial WSG variation that could reach 200 to
300 % from pith-to-bark (Wiemann and Williamson 1988). In addition, the potential local or global
environmental impact on WSG has never been controlled, such as climate and soil fertility (Baker et
al. 2004, Muller-Landau 2004, Gourlet-Fleury et al. 2011).

Consequently, the use of WSG from global database is one of the main problem often mentioned in
potential error of AGB estimations (Maniatis et al. 2011a, Clark and Kellner 2012). However, some
interesting results have recently emerged, emphasizing the stability of the mean WSG among
species, between measured WSG and tabulated WSG. Fayolle and colleagues(2013) showed the
mean WSG measured from harvested trees are strongly correlated to WSG measured from global
databases (e.g. Zanne et al. 2009).

Contradictory information also resulted from the literature. Whether or not we must account for the
different sources of WSG variations is still then not clear. It thus requires further investigations to
better understand the stability of WSG variations and its potential consequences on the estimation

of the AGB of a tree. This is the main focus of paper 3.
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Table 0- 1. Pan-tropical allometric models developed recently to predict the AGB of the tree.
Forest types are defined considering the precipitation regime. D is the diameter at breast height
(130cm), BA is the basal area (m?/ha), H is the total height and WSG is the wood specific gravity
(oven-dry mass divided by the green volume). E is the bioclimatic index resulting from: TS is the
temperature seasonality, PS is the precipitation seasonality and CWD is the maximum climatological

water deficit.

Ref Forest type Equation formulation Parameters

Brown

1997

gggge dry <AGB> = 0,112 (WSG D2 H )*(0.916) [D, H, WSG]
moist <AGB> = 0.0509 * (WSG D2 H ) [D,H, WSG ]
wet <AGB> = 0.0776 ( WSG D2 H )*(0.940) [D, H,WSG]

Chave _ 5

014 <AGB> = 0.0559 (WSG D2H) [D, H,WSG]

<AGB> = 0.0673 (WSG D2H)"(0.976) [D,H, WSG]
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2. The aboveground biomass of the forest
In this section, we first present the main points to consider when selecting an allometric model to
estimate the AGB of a given forest. We further explain the main sources of errors in forest AGB

assessment resulting from field plot design.

2.1. The choice of allometry
As detailed before, the selection of the appropriate allometric model is the major potential source of
errors when estimating the AGB of a given forest on the ground (Chave et al. 2005, 2014, Clark and
Kellner 2012). According to the IPPC guidelines (IPCC 2006) and to the recommendations from the
literature, we should select the allometric model, depending on data available, in the following order
of preference, using :
i.  Alocal model (with local harvested trees)
ii. A pan-tropical model (with DBH, H and WSG measurements)
iii. A pan-tropical model (with DBH, WSG and a local DBH:H allometry developed on
subsamples)

iv. A pan-tropical model (with DBH, WSG and bioclimatic factors sensu Chave et al. (2014))

v. A pan-tropical model only based on DBH and WSG

vi. A pan-tropical model only based on DBH
Today, thanks to the development of the global WSG database (Zanne et al. 2009) and the better
understanding of WSG variations the option (vi) can be easily outperformed.
The transition from level (v) to level (ii) mainly relies on our capacities to measure and to estimate
the tree height on the field. Chave and colleagues (2014) suggested that the best method to measure
tree height without felling the tree would be to climb to the bole and to use a laser rangefinder with
decimetric accuracy. However, such method is difficult to apply systematically on the field. The
parsimonious use of hypsometers, with multiple measurements and combined with calibration cross-
check operations is thus advised (Chave et al. 2014). Also, many uncertainties remain between level
(i) and level (iii). In order to illustrate them, we fitted DBH:H relationships, using an exponential 3-
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parameters regression model (Banin et al. 2012), and plotted the results for two contrasted species
we investigated during our field work : Staudtia kamerunensis and Klainedoxa gabonensis (Figure O-
7). The figure enables to compare the estimation of H by using a multi-species study-site DBH:H
allometry (black dotted line; i.e., level iii), a species-specific DBH:H allometry (colored lines; a
situation between level iii and level ii) or by directly measuring the height with an hypsometer
(colored points; i.e., level ii). The differences between the asymptotes of the regression and the
spread of the points illustrate well the differences of precision between level (iii) and level (ii). For
example, Klainedoxa gabonensis can reach 50 m but the asymptote is fixed at 40 m.

If the transition from level (vi) to level (ii) is workable, the transition from level (ii) to level (i) is clearly
more difficult. The corresponding cost and the required logistical supports are generally too

important (Gibbs et al. 2007).

50

Total height (m)

H=43-45" exp (-0.03*DBH)

= = H=36-34* exp(-0.03*DBH)

Staudtia kamerunensis

04 Klainedoxa gabonensis

10 30 50 70 90 110 130 150
DBH (cm)
Figure 0- 7. DBH:H allometry of contrasted species measured in the Malebo study site of the
Democratic Republic of the Congo. Staudtia kamerunensis (blue) and Klainedoxa gabonensis
(orange). The continuous curves represent the fitted exponential 3-parameters regressions for both
species. The dotted curves represent the fitted 3-parameters exponential regression for all the trees

measured in the Malebo study site.
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2.2. The sampling design
Sampling a forest to estimate its AGB requires the establishment of a sampling design, for which two
major concerns are addressed in the literature : (i) the position of the plot and (ii) the size of the plot
(Clark and Clark 2000, Chave et al. 2004, Patenaude et al. 2005, Gibbs et al. 2007, Picard and Gourlet-
Fleury 2008, Clark and Kellner 2012, Réjou-Méchain et al. 2014).
Due to the heterogeneity of AGB distribution within a tropical forest, the average AGB of the
sampled plots is not used to estimate the mean AGB of a whole region: plots are generally used to
calibrate and validate AGB prediction from remote-sensing products. Therefore, in order to establish
the plots at appropriated locations, it is required to stratify the area according to the forest types
(Gibbs et al. 2007) but especially considering their integration in remote-sensing based approaches
(Clark and Kellner 2012). Within each forest types (defined during the stratification) of a given
landscape, at least 5-ha are recommended to be sampled to properly assess AGB (Picard and
Gourlet-Fleury 2008). Similarly, Baraloto and collaborators (2013) showed, based on the investigation
of 6 tropical forests of South-America, that the sampling of at least 5-ha enables to keep the
coefficient of variation of the AGB estimate (CVagg) consistently below 10 %. The CV,gs is defined as a
normalized measured of the AGB dispersion between plots, and a low CV,gg allows to detect the
significant differences between forest-stands (Hall et al. 1998), i.e. without any bias due too small
sample size.
Subsequently, the decision about the number and the size of the plots will depend on several
aspects: the AGB variance (Chave et al. 2004), the cost (Baraloto et al. 2013) and the interaction with
remote-sensing signals (Mascaro et al. 2011, Réjou-Méchain et al. 2014).

2.2.1. AGB variance
Forest AGB variance within a given landscape is strongly correlated to the size of the plot (Chave et
al. 2004). Chave and colleagues (2004) showed that the decrease of CV,gz is correlated with the
increase of the plot size. In order to define an adequate minimal size of plots which minimizes CVagg,

they performed a normality test of AGB distribution, the same way Clark and Clark realized in Costa
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Rica (2000). The smallest plot size satisfying the normality criterion was the same in both studies and
exhibited an area of 0.25-ha (Clark and Clark 2000, Chave et al. 2004). Similarly, Wagner and
colleagues (2010) underlined for French Guyana forests the CVgz Was always below 20 % as long as
1-ha plot is sampled. These different findings argue in favor of a minimal plot size between 0.25 and
1 ha, with a total area sampled of each forest stratum of 5-ha. Nonetheless, we should bear in mind
that these results are strongly correlated to forest locations (Chave et al. 2004), which suggests
further analyses should be conducted in other tropical regions to fully understand the correlation
between CV,sz and plot size.
2.2.2. Sampling cost
When drawing the field sampling design, we have to gauge between sampling cost effort and the
representativeness of forest types or forest strata (Picard and Gourlet-Fleury 2008). Such sampling
cost is difficult to assess and has been poorly investigated until now. A first interesting attempt has
recently been realized by Baraloto and collaborators (2013). They did not consider the logistical costs
in relation to the number of investigated locations but they calculated a sampling effort in terms of
‘persons per day’ for various designs. They also compared the effort of each design for equivalent
level of CVags. Their results showed (i) that the effort relies on the specificity of the forest, since
different ‘persons per day’ were attributed for equivalent sampled areas in different locations and (ii)
that plots of 0.5-ha and 1-ha always presented smaller cost than plots of 0.1 ha. These are interesting
information, but from my personal experience (32 plots of 1-ha), | would suggest that we should also
consider the spread of the plot locations in costs evaluations. These considerations will undoubtedly
require further investigations, and this especially in the framework of the REDD+ program, for which
numerous field datasets are needed to implement the MRV.
2.2.3. Field sampling and remote-sensing

The remote-sensing methods developed for predicting and mapping forest AGB are based on a field
calibration. Therefore, the quality AGB maps relies on the capacity of the field plots to intercept the

AGB of entire pixels (Réjou-Méchain et al. 2014). Hence, in most studies the footprint of space-borne
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remote-sensing products largely exceeds the size of the field plots used for the calibration (Baccini et
al. 2007). Consequently, the level of uncertainties depends on the heterogeneity of the forest, which
is often important in the tropics (Hallé et al. 1978, Turner 2001). For example, Mascaro and
collaborators (2011) showed, in tropical forests in Panama, that we need to establish 1-ha plots in
order to present error in AGB estimations below 10 % when using LiDAR airborne remote-sensing
products presenting a footprint of 0.36 ha.

Furthermore, several errors resulting from remote-sensing specificities have to be considered. These
main issues have recently been identified and quantified by Réjou-Méchain and colleagues (2014).
They particularly investigated the geo-localization errors, the post-geoprocessing conversion of the
ellipsoidal footprint into a square pixel and the difference between the object measured from space
and on the ground (canopy vs. trunk). Their results show plots of 0.1-ha and plots of 1-ha lead
respectively to 46.3 % and 16.6 % of spatial sampling error in AGB due to geo-localization problems.
Moreover, they found that when field calibration plots are smaller than the pixel resolution, the local
heterogeneity in AGB leads to a substantial bias that cannot be removed with current statistical
methods.

In the end, they draw attention of the impact of topography on geo-localization issues, urging the

need to explicitly take it into account for future sampling strategies.
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3. Mapping aboveground biomass

Given the extent of tropical forests, access limitations and structural complexity (Hallé et al. 1978,
Turner 2001, Gibbs et al. 2007), remote sensing methods are long seen as crucial tools for assessing
tropical forest AGB (Patenaude et al. 2005, DeFries et al. 2007). No remote-sensing instrument may
directly measure the AGB of the forests. Space- and air-borne products measure various properties
of forest canopy (radiance, texture, canopy height profile), which are subsequently used as potential
predictors of forest AGB. As a consequence, all techniques still require ground estimations of AGB for
calibration and validation of the metrics resulting from remote-sensing products.

Remote-sensing is powerful in predicting forest AGB of boreal, temperate and even-aged forests (e.g.
Lefsky et al. 2001, Drake et al. 2003, Zheng et al. 2004). However, inferring AGB in tropical forests is
much more challenging due to the complexity and the density of the forest stands (Hallé et al. 1978,
Turner 2001, Lu 2006, Gibbs et al. 2007). The first tests performed on AGB estimations in the tropics
were rapidly confronted to a saturation issue at about 250 Mgha™*(Imhoff 1995, Mougin et al. 1999)
whereas African tropical forests have been shown to reach up to 700 Mgha™(Lewis et al. 2013). This
problem has encouraged the development of various and new methods, both regarding passive
(optical — spectral properties; only receiving a signal) and active (RADAR, LiDAR — three dimensional
structure; receiving and emitting a signal) remote-sensing signals. Each product presents advantages
and disadvantages (spatial extent, pixel resolution, spectral resolution, time resolution, and
sensitivity to clouds); both techniques are thus often used jointly in order to fill each other
weaknesses, and this especially to produce regional maps. This is actually the 'state of the art' maps
that have recently been developed by Saatchi and collaborators (2011) and Baccini and collaborators
(2012).

In this section, | will briefly remind the functioning of the main signal types in remote-sensing. | will
further focus on the ‘state of the art’” AGB maps and discuss their main weaknesses. | will finally
introduce one of the main promising techniques on the processing of VHR optical imagery, i.e. the

Fourier Textural Ordination (FOTO), which is the focus of paper 1.
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3.1. The main products in remote-sensing

3.1.1. Optical
Optical remote-sensing is defined as a passive technique where space- and air-borne sensors
intercept the solar energy reflected from Earth’s surface (Lu 2006). The intercepted spectral range is
generally comprised between 0.4 and 2.5 um and often dissects the reflectance of the visible, the
near, the middle and the far infrared. Optical remote-sensing provides the opportunity to work with
a variety of products presenting varying pixel spatial resolutions (coarse > 250 m; medium ~ 30-100
m; fine < 1 m). The most known optical satellites are MODIS (coarse), Landsat (medium), Spot
(medium), Quickbird (fine) and lkonos (fine).
Optical datasets present the advantage to cover large extents, and to easily gather repeated
measurements since the launch-date of the satellites. But, contrariwise to actives sensors (RADAR,
LiDAR, detailed hereafter), all satellite images are very sensitive to the acquisition conditions, i.e. the
cloud cover, the atmospheric and the radiometric effects (e.g., sun-scene-sensor angles and
corresponding illumination conditions). Except from the cloud cover, the other problems can usually
be overcome. For instance, interactions with atmosphere can be corrected through the use of a
modified dark object subtraction technique (Chavez 1996); radiometric effect such as BRDF
(Bidirectional Reflectance Distribution Function) can be partly filtered through the use of specific
algorithm (e.g. Vermote et al. 2002).
One of the main attempt initially performed to assess forest AGB from optical datasets is the use of
vegetation indices in ‘neural network’ processing (Foody et al. 2001). This network corresponds to a
complex optimization of multiple linear regressions which yields the best estimate of AGB but which
is based on calibration from ground measurements. Consequently, the resulting coefficients are
generally site-specific and cannot be transposed or interpreted biologically.
Today, the improvement of VHR images processing from optical remote-sensing have enable to
develop promising techniques to predict forest AGB. This is detailed in a specific section on the
Fourier Textural Ordination method.
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3.1.2. RADAR
Originally, Synthetic Aperture Radars (SARs) were developed for military purpose (in the 1960’s) but,
it is now often used to characterize the forest cover. They constitute active sensors (i.e. they transmit
and receive their own signal) in the microwave part of the electromagnetic spectrum. The
wavelengths of SARs are commonly represented as ‘bands’, with L and P-bands for long wavelengths
(20 — 80 cm) and with C- and X-bands for short wavelengths (3-5 cm).
Basically, SAR maps a ‘portion of energy’ which is re-emitted from the targeted object (the forest) to
the sensor receiver. The measure of this ‘portion of energy’ is called the backscatter. When the forest
is aimed, the backscatter can be decomposed as follows: a double bounce for trunk-ground
interaction, a rough surface scattering from the ground and a volume scattering from the canopy
(Balzter et al. 2007). As forests with different structures will induce differences in each component of
the backscatter, SARs present the potential to directly quantify variations in vegetation volumes. We
can thus use it to predict variations of AGB between the different forests.
The particular advantage of SARs in the tropics is that they are much less affected by the cloud cover
than optical or LiDAR sensors (Lu 2006). On the other hand, the main limit concerns the above-
mentioned saturation issue, which often occurs with the L- and the P-bands for SARs systems (Zolkos
et al. 2013). Typically, in the tropics, the signal of these bands saturates for AGB of about 150-200
Mgha™ (Mitchard et al. 2012). This has encouraged the development of alternative products to
predict AGB (i.e. the LiDAR), but SARs datasets remained very useful in the evaluation of forested
area variations.
Nonetheless, promising development were recently shown with the combination of polarimetric and
interferometric synthetic aperture radar (Pol-InSAR) which has the potential to estimate biomass at
higher densities (Goetz and Dubayah 2011). These may offer new opportunities in the upcoming

years.
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3.1.3. LiDAR

Like SARs systems, Light Detection And Ranging (LiDAR) is based on the active sensing of Earth’s
surface, with the emission and reception of near-infrared wavelengths. Like SARs systems, the energy
emitted is capable of penetrating through forest canopies down to the ground surface. The defining
characteristics of LiDAR systems are related to the width of the laser beam (small footprint or large
footprint) and the way in which the reflected laser energy is digitized (Dubayah and Drake 2000).
Large footprint LIDAR presents a ground resolution of 5 m of diameter when processed from aircraft
but presents much larger footprint when processed from satellite. For instance, the Geoscience Laser
Altimetry System (GLAS) presents a footprint of about 65 m. This presents the advantage to
correspond well to the data used to develop regional ‘state of the art’” AGB maps (e.g. Saatchi et al.
2011, Baccini et al. 2012) which are discussed in the further section.

Small footprints LiDAR illuminates a surface area of about 50 cm (or less) of diameter and are always
processed from aircraft. When forests are scanned with small footprint systems, the received signal
can be translated into various forest structure metrics such as maximum canopy height and multi-
strata heights above ground. This provides the opportunity to reconstruct precisely the vertical
structure of the forest. However, despite promising results in tropical forests with low AGB levels (~
100 Mg/ha), biomass prediction models from single LIDAR metrics generally exceed the 20 % of
relative residual standard error (RSE(%)) recommended by the MRV guidelines (Houghton et al. 2009,
Zolkos et al. 2013). Also, they only cover small extents (tens of km?) and depend on the consistency
of DBH-H allometries. In addition, LiDAR-based forest canopy metrics used to predict AGB, such as
the mean forest height profiles (Mascaro et al. 2011), do not consider an important share of the
horizontal structure of the forest stands, i.e. regarding the variations of crown size and shape in the

canopy layer (Hallé et al. 1978, Barbier et al. 2010).
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3.2. ‘State of the art’ global AGB maps
As two maps are mainly cited in the literature (i.e. Saatchi et al. (2011) and Baccini et al. (2012)), here
we present the two methods by comparing them to each other and to field dataset. Maps
comparison is based on the excellent review of Mitchard and colleagues (2013) and the comparison
to field dataset is based on the work of Mitchard and colleagues (2014).
The maps of Saatchi (map1) and Baccini (map2) both follow a similar workflow (Figure 0-7). They
both (i) used space-borne datasets from GLAS satellite, (ii) used ground AGB estimates to predict
forest AGB on all the GLAS footprints and (iii) fused these predictions with other remote-sensing
products (MODIS, elevations models, ...) to extrapolate their prediction at a global scale.
However, some important differences exist between the two workflows:
- For mapl, they first calculated a forest canopy metric and predicted AGB variation in a
second stage while in map2 they used raw GLAS signals to predict directly AGB variations;
- In mapl, they estimated field AGB based on 3 parameters (DBH,H,WSG) while in map2 they
only used two parameters (DBH, WSG);
- They extracted different vegetation indices from MODIS and implemented different
extrapolation models for the two maps.
Despite presenting several similarities in their development, the two maps present huge differences
in AGB prediction : especially for central Amazonia, the Congo basin, the south of Papua New Guinea,
the Miombo woodlands of Africa, and the dry forests and savannas of South America (Mitchard et al.
2013). The differences in AGB predictions were not systematic which makes it difficult to compare
the methodological differences (Mitchard et al. 2013). Furthermore, in a new publication, Mitchard
and collaborators (2014) compared each of these maps with an independent and large ground
sampling design in South America. They stressed here that both maps failed to intercept the main
gradient of AGB when confronted to 413 grounds plots estimations. The observed differences far
exceeded the results mentioned in each of the former study (Saatchi et al. 2011, Baccini et al. 2012).

Some regions were indeed over- or under-estimated by more than 25 %.
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As a conclusion, mapping AGB on large scale only based on large-footprint LIDAR (~65 m) and canopy
profiles estimates seem to yields inevitable large and spatially correlated errors (Mitchard et al.
2014). Therefore, new products, based on criteria able to better intercept forest community
assembly specificities and complexity have to be developed.

In that framework, interesting results have recently been produced in the realm of very high spatial

resolution datasets.
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3.3. The Fourier Textural Ordination

The Fourier Transform Textural Ordination, hereafter called FOTO, aims at characterizing the existing
gradients of canopy crown size distribution throughout the forest and is based on the spatial
variation in pixel radiance observed on VHR images.

Originally developed to study geomorphology (Mugglestone and Renshaw 1998), it has been adapted
to study landscape patterns in arid vegetation and canopy structure with the use of aerial
photography and satellite imagery (Couteron et al. 2005, Barbier et al. 2006, Deblauwe et al. 2008).
Technically, the method decomposes the spatial variation of pixel values within a given optical image
extract (window) of the canopy into spatially periodic functions (sine and cosine) of varying
amplitudes and frequencies to yield Fourier spectra (Figure 0-8). The algorithm used, i.e. the 2-
Dimensional Fast Fourier Transform, performs a spatial decomposition of the radiometric signal of a
given image window (Figure 0-8 - stepl) in order to yield a set of periodic functions (Figure 0-8 -
step2). The Fourier transform yields complex numbers, the squared amplitudes of which form a 2D-
periodogram or r-spectrum (Figure 0-8 - step3). This r-spectrum expresses the variance partition
intercepted by the periodic function at each considered frequency. R-spectrum of all windows are at
the end summarized in a single table called the r-spectra table (Figure 0-8 - step4).

To summarize, the r-spectrum constitutes a simple descriptor (i.e., a set of features using image
analysis wording) describing the spatial structure within the window in terms of the variance
contributions of a limited number of spatial frequencies.

The FOTO method then compares the windows through the r-spectra (Figure 0-9 - step 4) using
standard multivariate methods to identify the main gradients of canopy texture in the region (Proisy
et al. 2007, Barbier et al. 2010, Ploton et al. 2012). Ordination scores are used as textural indices and

constitute the characteristic dimensions of the FOTO analysis (Figure 0-9 - step 5).
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Figure 0- 8. Flowchart of the method. Step1: Fourier Textural Ordination (FOTO) of the raw satellite
images (Quickbird-2 and Geoeye-1). Step2: Correction of Geoeye-1 texture r-spectra through a
correspondence between the two satellite scenes calculated from the shared areas. Step3a:
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The FOTO method presents the advantage of being unsupervised and providing quantitative results
that are interpretable in terms of canopy grain, canopy heterogeneity and crown size distribution.
Consequently, due to the allometric relations between crown and trunk dimensions (West et al.
2009, Barbier et al. 2012, Antin et al. 2013), FOTO indices correlate well with stand structural
parameters measured in the field (e.g. Couteron et al. 2005, Proisy et al. 2007, Barbier et al. 2010,
Ploton et al. 2012). For instance, images of closed canopies exhibiting a stronger contribution of high
spatial frequencies often correspond to the small-sized trees (early successional stages or
unfavorable soils) with low forest-stand AGB, whereas low frequencies are prevalent when large
trees emerge, resulting in higher AGB (Proisy et al. 2007). Interestingly, in all investigated cases,
FOTO indices did not appear to saturate in stands of high AGB, even up to 500 Mg/ha (Proisy et al.
2007, Ploton et al. 2012).

In the present thesis, this method has been tested to predict the distribution of AGB in complex

forest stands of Central Africa. This is the focus of paper 1.
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1. Central African forests cover

Tropical forests of Central Africa present the second largest area of contiguous rainforests (from the
Gulf of Guinea to the Albertine Rift) after the Amazonian Basin. They cover about 2 millions of km?
(Gibbs et al. 2007, Duveiller et al. 2008). Given the high density of the river network, they present the
world's largest tropical edaphic forest in the central part of the Congo Basin (CBFP 2012). Montane
forests also exist in the Albertine Rift and in the west of Cameroon (i.e. foothills of Mount Cameroon,
Bamenda and Bamileke highlands). The largest blocks of intact natural forests remains in the
Democratic Republic of the Congo, Gabon and the Congo, with DRC holding 63 % of the total
remaining forest (Laporte et al. 2007). Central African forests are estimated to hold about 8000
species of tree species (White 1983) and to store an average of 200 MgC.ha™ (Lewis et al. 2009,
2013).

Interestingly, while containing most of Central African intact forests, the DRC appears to be the less
investigated by scientific inventories. Indeed, regarding the existing biomass inventory plots
distribution recorded in the African Tropical Observation Network (AfriTRON, see Lewis et al. 2013),
DRC appears to be characterized by huge “gap of knowledge” (Figure 0-10). However, considering
the potential valorization of commercial forest inventory data as suggested by Maniatis et al. (2011),

this gap could be rapidly filled.

2. Central African forest history and composition
Africa’s tropical forest appears as the driest of the world tropical regions, with precipitations ranging
from 1600 to 2000 mm year}(Malhi and Wright 2004), and their extent appears more vulnerable to
small shifts in ocean-atmosphere circulation than Amazonian forests (Malhi and Wright 2004). During
the peak of the last Ice Age which occurred in the Pleistocene, 15000 — 18000 years ago,
precipitations were very low and deserts covered almost the entire continent (White 2001b). Forests
were probably highly fragmented and were only present under the form of refugia (White 2001b,
Maley 2002), which are today recognized to be located in the Cameroon and Gabon mountains and

the eastern DRC mountains (White 1983, Fayolle et al. 2014b). Based on recent results on the
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patterns of tree species composition in Central African forests (Fayolle et al. 2014b), most species
endemism is suggested to pre-date the Pleistocene and are consequently not related to the
successive cold and arid periods of the Ice Age. Indeed, Fayolle and colleagues identified a major
floristic discontinuity located at the Albertine rift which separates the dry, moist and wet forests of
West and Central Africa (the entire Guineo-Congolian region) from the upland and coastal forests of
East Africa. Therefore, refugia probably acted as sinks for already existing species that may have
progressively spread under a stable climate (Plana 2004). Nonetheless, today cover of Central African
forests is the result of an expansion of forest refugia that started at the end of the last glacial period,
more than 8000 years before present (Justice et al. 2001).

These centers of endemism are mainly covered of wet forests, while the area between the two is
mainly covered of lowland semi-deciduous moist forests (White 1983, Fayolle et al. 2014b). Their
composition has recently been characterized based on the inventories of 22 logging concession,
which account 49 711 plots of 0.5-ha, with records of trees starting at a DBH of 30 cm (Fayolle et al.
2014a). Mostly in agreement with independent description of the vegetation (Réjou-Méchain et al.
2008, Gourlet-Fleury et al. 2011) and vegetation maps developed recently from various remote-
sensing products (Gond et al. 2013, Viennois et al. 2013, Betbeder et al. 2014), Fayolle and colleagues
(2014a) highlighted that most of the lowland semi-deciduous moist forests are covered by a range of
Celtis forests (from young to old-growth successions), forests near villages and roads are dominated
by Musanga secondary forests, rivers are sparsely covered by old-growth monodominant forest of
Gilbertiodendron dewevrei, and the southern part of the Central African Republic and the northern

part of the Republic of Congo are covered by mixed Manilkara forests.
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3. The Malebo study site

3.1. Focus on the area

Our fieldwork was located at the edge of the Congo Basin Forest, in the Bandundu province of the
Democratic Republic of the Congo (DRC). It covers an area of nearly 400 km?, centered on the WWF
Malebo research station (WGS1984; N -2°29°4.35” E 16°30’5.528"). The area was first known because
of the presence of bonobos (Pan paniscus) for which forest surveys conducted by the World Wide
Fund for Nature (WWF) highlighted large population densities (Inogwabini et al. 2008). This led to the
initial presence of the WWF which rapidly started to encourage REDD+ initiatives. The area has even
been recognized as a “REDD+ pilot site” for DRC since the conference of the parties held in Cancun in
November 2010. Consequently, WWF plays a leading part in its development through two main
projects: the REDD+ for People and Nature -RPAN project- and the Carbon mapping project. The first
project aims to prepare local population to the REDD+ program and the second project, conducted in
collaboration with the Jet Propulsing Laboratory led by Sassan Saatchi, aims to map forest carbon

stocks on the whole area with an airborne lidar-based approach.

3.2. Forest and environment
The forests that we investigated are located on the northern part of the Bateke Plateau, between
Lake Mai-Ndombe, the Congo River and the Kasai-KwaRiver, with an altitude ranging from 300 to 500
m above sea level (Shuttel Radar Topography Mission data, SRTM). According to soil data from FAO,
the dominant soil types are Ferralic Arenosols (FAO 2007), which comprise sandy soils with low
fertility. In this equatorial zone, rain occurs for most of the year with two dry seasons around
February and June to August. Precipitation varies between 1500 and 1600 mm/year, and the average
monthly temperature is stable around 25°C (Vancutsem et al. 2006). The presence of a cattle
ranching society and their consequent savanna’s management, i.e. with multiple fires per year,
maintained today’s state of ‘forest-savanna mosaics’(Figure 0-11). However, fires regimes started to
decrease in the past few years, which led to an interesting re-colonization dynamics of terra firme
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savannas led by Uapaca guineensis (Figure 0-12A). The landscape includes a wide diversity of terra
firme forests stands along with riverine gallery forests, old secondary forests, Marantaceae forests
(Figure 0-12B) with understories dominated by Haumania liebrechtsiana and Megaphrynium
macrostachyum (Inogwabini, 2008), mature forests dominated by a mix of Annonaceae,
Caesalpinoideae and Olacaceae trees and old growth monodominant Gilbertiodendron dewevrei
forests (Figure 0-13A). The most frequent species present in the canopy in terms of the total basal
area are Klainedoxa gabonensis (9.87 %; Figure 0-13B), Plagiostyles africana (6.67%), Pentaclethra
eetveldeana (5.53 %), Strombosia grandifolia (4.41 %), Millettia laurentii (3.66%; Figure 0-13C),
Polyalthia suaveolens (3.5 %), Gilbertiodendron dewevrei (3.28 %), Pycnanthus angolensis (3.12 %),
Dialium spp.(2.56 %) and Uapaca spp. (2.5%). During my PhD thesis, 178 tree species belonging to 44
families were recorded in the herbarium and botanical library of the ULB (BRLU), with reference IDs
Bastin-Serckx#1-474. In particular, a correspondence table was built between vernacular (Kiteke) and
scientific names (See Appendix A). Interestingly, the species composition that we described is very
similar to the forest sketches realized by Professor Bouillenne in 1955 (Figure 0-14) in their

description of terra firme forests along the Lake Tumba, i.e. 200 km North from the Malebo region.

3.3. A word on the local communities
The majority of the local people belongs to the Teke ethnic group. They live from shifting agriculture
and hunting in the forests. Their fields are generally located in forest edges and do not surpass 1-ha
per household. All animals are hunted, except buffalos, elephants and bonobos. While the first two
are not hunted only due to legal prohibition, bonobos are also protected due to a local taboo:
bonobos are locally believed to be related to human ancestors (Serckx et al. 2014). Teke people seem
to manage their environment with quite a sustainable way, but pressure on forest resources often
come from outside the region, such as illegal forest logging companies. Consequently, since 2013, the
WWF and a local NGO (Mbou-Mon-Tour) are working together on the elaboration of a “community

natural reserve” status to better protect forest resources (for fauna and flora).
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Figure 0- 11. The Malebo area, Bandundu Province, The Democratic Republic of the Congo.
Snapshot from a True Color raster image taken with the Pleiades satellite in July 2013. Dark green
corresponds to dense forests, light green to colonizing forests, edaphic forests and woody savannah
and light brown correspond to herbaceous savannah and bare soils.
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Figure 0- 12. Forest stands representative of the Malebo area. Uapaca guineensis colonizing
forests (A), composed of many small trees (< 15 m of height), and Marantaceae forests (B) with a

few large trees (> 30 m of height) in the middle of an empty understory fulfilled with Marantaceae.
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Forest stands representative of the Malebo area. Gilbertiodendron dewevrei forests (A), Klainedoxa

gabonensis and its fruit (B), Millettia laurentii and its pods (C).
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Willing to contribute concretely to some of the existing issues, the present work was thought and
built to address relevant questions at each scale of AGB measurement and estimation in Central
Africa. Each one of these will constitute an entire chapter of the present work:

= Regional mapping: Can we develop accurate and precise methods to assess 'forest units'

AGB from very high spatial resolution (VHR, pixel £ 1 m) optical imagery?

= Forest estimations: Can we find any predictor of 'forest units' to develop a cost-effective

field methodology and to increase the amount of sampling point for remote-sensing
calibration and validation?

= Individual tree variations: Can we afford to neglect intra-individual, intra-species and inter-

site variations of wood density when we estimate the AGB at the tree or the forest level?

Paper 1 - Regional mapping

Through our collaborations with WWF Germany and the joint research unit for plant architecture,
botany and bioinformatics of Montpellier (UMR-AMAP) we had the opportunity to work on very high
resolution (VHR, pixel £ 1 m) optical imagery. Despite offering interesting perspectives, such tools
have remained so far underused in the framework of AGB estimations. Therefore, in this paper we
tested and improved an existing method, i.e. the Fourier Textural Ordination (FOTO), to depict forest
canopy structure and to map forest AGB in Africa. The FOTO method has been developed at AMAP
and tested with success in a variety of tropical forests outside Africa (Couteron et al. 2005, Proisy et
al. 2007, Ploton et al. 2012). However, such method had yet to be tested at a regional scale and in
different types of 'forest units'. This has required to overcome two difficulties: (i) the instrumental
effects due to variations in sun-scene-sensor geometry or sensor-specific responses and (ii) the
forest structural heterogeneity including monodominant or open canopy forests, which are of
particular importance in Central Africa. Here we addressed the two issues successfully, using images

combination and textural classification.
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Paper 2 - Forest estimations

Today, the remaining uncertainties related to the combination of ground and remote-sensing
techniques to predict the AGB of tropical forests is a call for developing alternative strategies but
also requires a better understanding of dynamics in tropical forest ecosystems (Mitchard et al. 2013,
2014, Réjou-Méchain et al. 2014). In tropical forest ecosystems, large trees are known to monopolize
a large share of the forest carbon stocks within their AGB (Chave et al. 2001, Slik et al. 2013) and to
accumulate it faster than smaller trees (Stephenson et al. 2014). In this context, largest trees appear
progressively as the key common denominator to consider (Harms et al. 2000, Bagchi et al. 2010,
Remm and L6hmus 2011, Lindenmayer et al. 2012, Slik et al. 2013, Stephenson et al. 2014).

In this chapter, based on a large dataset gathered in Central Africa (203 1-ha plots), we tested the full
potential of largest trees as predictor of the entire 'forest unit' structure and species richness. Our
objective was to answer to the following questions: Do the largest trees reflect the entire forest
biomass and diversity? Is there a species hyperdominance in carbon accumulation? Despite their
simplicity, answering these questions have provided a better understanding of African forests
structure and species richness distribution. This has also allowed us to suggest the development of a

cost-efficient forest monitoring programs which is particularly important in a REDD+ context.

Paper 3 - Individual tree

The wood specific gravity (WSG), i.e. the oven-dry mass divided by its green volume, is the second
most important predictor of the AGB of the tree (Chave et al. 2005, 2014) (the first being the tree
diameter). However, most studies reporting AGB estimations have extracted their WSG values from
global databases (e.g. Zanne et al. 2009) and, consequently, have neglected WSG radial intra-
individual, intra-species and inter-species variations (Maniatis et al. 2011b, Clark and Kellner 2012).
Selecting representative species in terms of AGB ha™ and forests successional stages, we addressed
these questions depicting the wood density profile of 120 wood cores through 3D X-ray tomography
scans. We characterized the importance of such variations, their relationship with tree life-history

strategies and the consequences of the absence of their inclusion in tree AGB estimates.
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Paper 1 - Regional mapping

The mapping of forest AGB through the FOTO method was based on a set of 26 1-ha plots covering
an area of about 400 km?. Texture signals were calibrated using two field datasets obtained during
two different field campaigns realized in the study site of Malebo (DRC). A first set of 11 1-ha plots
were inventoried in 2011 according to a systematic (grid 1 km?) and randomized field sampling
design (Gibbs et al. 2007). A second set of 15 1-ha plots were collected in 2012, based on the limits
of available satellite images and stratified in order to cover the entire range of the texture gradient
obtained after FOTO pre-processing. To avoid geolocation issues, plot centroid coordinates were
calculated from location records collected with a GPS GARMIN ™ 62S every 25 m along the plot

contour, resulting in 25 points per plot.

All the trees presenting a diameter at 130 cm = 10 cm (DBH) were measured and identified. Note
stem diameter were measured at 130 cm or 50 cm above buttresses or trunk deformations if
present. Total heights were estimated with Laser rangefinder (LazerACE™ 2D Hypsometer) using the
3-shot method, i.e. measuring the horizontal distance calibrated for the last object encountered and
measuring the angles formed between the observer and the bottom and the top of the trees
(Rondeux 1999). Four hundred seventy-four samples of 178 tree species belonging to 44 families
were recorded in the herbarium and botanical library of the ULB (BRLU), with reference IDs Bastin-
Serckx#1-474. Wood specific gravity values were extracted from the Dryad global wood density
database (Zanne et al. 2009). All these parameters were used as input data to Chave’s allometric
model to predict AGB for moist forest stands (Chave et al. 2005). The latter equation was considered,
at the time of writing, the best pan-tropical allometric model available to estimate AGB, including

Central Africa (Henry et al. 2010, Djomo et al. 2010, Vieilledent et al. 2012, Fayolle et al. 2013).

The imagery used in paper 1 consists of two satellite optical images of very high spatial resolution (<
1 m) that overlap over more than 60 km2. The first image, covering 100 km?, was acquired and

shared by the UMR-AMAP (Nicolas Barbier, Pierre Couteron) from the Geoeye-1 sensor in January
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2012. The second image, covering 360 km?, was acquired and shared by the WWF-Germany (Aurelie

Shapiro) from the QuickBird-2 sensor in July 2012.

Paper 2 - Forest estimations

For our second study, we tested, based on datasets inventoried in 9 different sites across Central
Africa, the potential of largest trees as predictor of the entire forest-stand AGB and species richness.
We gathered permanent and non-permanent large plots from non-logged forests, comprising Ituri-
Lenda (20 ha; CTFS; DRC), Korup (50 ha; CTFS; Cameroon), Korup2 (2 ha; IRD; Cameroon), Lomie
Kongo (3 ha; IRD; Cameroon), Mabounie (12 ha; IRD; Gabon), Malebo® (31 ha; Bastin. J-.F.; DRC),
Mbaiki (12 ha; ICRA/CIRAD; Central African Republic), Mindourou (10 ha; IRD; Cameroon),
Ngovayang massif (15 ha; Ngonmadje C.; Cameroon) and Yangambi (20 ha; de Haulleville T.; DRC).
The floristic composition of Korup, Mabounie and Ngovayang are representative of Wet Central
African forests and the rest is composed of species characteristic of Moist Central African forest
(Fayolle et al. 2014b). To ensure a sufficient sampling size for each site, Korup-IRD plots were merged
with Korup-CTFS plots and Mindourou and Lomie Kongo plots were merged to form the South-East
Cameroon site. Prior to analyses, each site was divided into 1-ha plots or subplots, totalizing 176
plots.

Diameter at breast height (DBH; measured at 130 cm or 50 cm above buttresses if any or at 450 cm
in Mbaiki) has been measured for all trees presenting a DBH superior-or-equal to 10 cm. Measured
trees were identified up to the species-level and samples were recorded into the collection of the
herbarium and botanical library of the ULB (BRLU) for DRC-Malebo (Bastin-Serckx #1-474), Gabon
and Cameroon (IRD) datasets and of the National Botanic Garden of Belgium in MEISE for DRC-
Yangambi (COBIMFO) datasets. Tree height was measured in Malebo on each single stem and in

Yangambi on sub-samples using laser rangefinder hypsometers (Nikon, LaserACE 2D) with multiple

! Note Malebo site is here composed of 31 1-ha plots instead of the 26 used in paper 1 because 5

plots of the first field campaign were located outside satellite images extents.
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and multi-angle measurements. When available, measured and estimated heights were
implemented into three parameters exponential models (Banin et al. 2012), to develop local height-
diameter allometries.

For the entire dataset, wood density was extrapolated from standardized species records using the
Dryad database (Zanne et al. 2009) (using genus or family averages if the species-level was not

available).

Paper 3 - Individual tree

Radial variations of wood density were studied on woodcores samples extracted from the Malebo
study site (cf. paper 1).

Based on our two field campaigns, we selected 14 common tree species to sample belonging to 14
genera and 8 families, in order to cover a wide range of wood density, AGB and regeneration guilds
sensu Hawthorne (1995): with non-pioneer light demanding (NPLD; n = 7 species) which can
establish in the shade but need gap to reach the canopy, shade-bearer species (SB; n = 5 species)
which can establish and grow in the shade and swamp species (Swamp; n = 2 species). For each
species, woodcores were sampled in order to maximize the representativeness of DBH classes. A

total of 120 woodcores® were studied in paper 3.

Non-used datasets

Several extra-measurements were realized during our field campaigns in the region of Malebo but
they weren’t used in the present PhD thesis : (i) we realized 25 hemispheric photography of the
canopy openness per plot, at each coordinates recorded with the GPS, (ii) we extracted 16 soils
samples on the first 30 cm per plot during our second field campaign, and (iii) we established 40
0.25-ha plots in the edge of the forest (< 400 m from the forest-savannah limits (Laurance 2008)

during our first field campaign. These ‘edge plots’ were established originally to evaluate the

? More than 1000 woodcores were actually extracted from the field but the cost of wood density radial profiles
analyses limited our investigation to 120 trees. Woodcores are currently stored in Gent university.
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potential influence of the edge on forest AGB but preliminary results were unsatisfying and the idea

was sidelined.
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Abstract

In the context of the reduction of greenhouse gas emissions caused by deforestation and forest
degradation (the REDD+ program), optical very high resolution (VHR) satellite images provide an
opportunity to characterize forest canopy structure and to quantify aboveground biomass (AGB) at
less expense than methods based on airborne remote sensing data. Among the methods for
processing these VHR images, Fourier textural ordination (FOTO) presents a good potential to detect
forest canopy structural heterogeneity and therefore to predict AGB variations. Notably, the method
does not saturate at intermediate AGB values as do pixelwise processing of available space borne
optical and radar signals. However, a regional scale application requires to overcome two difficulties:
(i) instrumental effects due to variations in sun-scene-sensor geometry or sensor-specific responses
that preclude the use of wide arrays of images acquired under heterogeneous conditions and (ii)
forest structural diversity including monodominant or open canopy forests, which are of particular
importance in Central Africa. In this study, we demonstrate the feasibility of a rigorous regional study
of canopy texture by harmonizing FOTO indices of images acquired from two different sensors
(Geoeye-1 and QuickBird-2) and different sun-scene-sensor geometries and by calibrating a
piecewise biomass inversion model using 26 inventory plots (1 ha) sampled across very
heterogeneous forest types. A good agreement was found between observed and predicted AGB
(RSE=15%; R?=0.85; p-value<0.001) across a wide range of AGB levels from 26 Mg/ha to 460 Mg/ha,
and was confirmed by cross validation. A high-resolution biomass map (100 m pixels) was produced
for a 400 km? area, and predictions obtained from both imagery sources were consistent with each
other (r=0.86; slope=1.03; intercept=12.01 Mg/ha). These results highlight the horizontal structure of
forest canopy as a powerful descriptor of the entire forest stand structure and heterogeneity. In
particular, we show that quantitative metrics resulting from such textural analysis offer new
opportunities to characterize the spatial and temporal variation of the structure of dense forests and
may complement the toolbox used by tropical forest ecologists, managers or REDD+ national

monitoring, reporting and verification bodies.
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Introduction

Monitoring carbon emissions from tropical forests has become a major issue in past decades (van der
Werf et al. 2009, Pan et al. 2011, IPCC 2013). Because anthropogenic forest loss is responsible for 6
to 17% of total carbon emissions (Pan et al. 2011, Harris et al. 2012), mostly occurring in the tropics
(Houghton 2005), the United Nations Framework Convention on Climate Change (UNFCCC)
developed an international program aiming at “Reducing Emissions due to Deforestation and forest
Degradation”, i.e. the REDD+ program (UNFCCC 2010). The implementation of such program relates
on the capacities to assess properly the current state of forest carbon stocks on large scale,
particularly the fraction stored in aboveground biomass (AGB) (Houghton et al. 2009), and its

evolution through time (DeFries et al. 2007, Maniatis and Mollicone 2010).

Given the extent of tropical forests, access limitations (Gibbs et al. 2007) and structural complexity
(Hallé et al. 1978), remote sensing methods are since long seen as crucial tools for assessing tropical
forest AGB (Patenaude et al. 2005, DeFries et al. 2007). However, despite notable improvement and
diversification of the techniques (e.g. Asner et al. 2010, Saatchi et al. 2011, Baccini et al. 2012),
consistent mapping of AGB within the realm of intermediate to high AGB tropical forests has so far
remained elusive, at least with existing space-borne instruments (Mitchard et al. 2013). Currently,
the best reported results are obtained with the use of space- or air-borne LiDAR proxies of forest and
canopy height to estimate AGB at local scale, i.e. over a few tens of km? (Zolkos et al. 2013). These
are then consequently used as a way to feed into larger-scale AGB prediction models (Asner et al.
2010, Baccini and Asner 2013). Resulting predictions from LiDAR-techniques show relative residual
standard errors (RSE(%)) ranging from 10 to 40% depending on the sensor and the forest types
considered (Zolkos et al. 2013). One of the best reported results, i.e. a RSE(%) of about 10%, was
obtained within the 50 ha permanent plot of Barro Colorado Island (BCI) in Panama, with an average
AGB of 103 Mg/ha (Mascaro et al. 2011). However, despite promising results in tropical forest with
low AGB levels (~ 100 Mg/ha), biomass prediction models from single LiDAR metrics generally exceed

the 20% of RSE(%) recommended by the MRV (measuring, reporting and verification) guidelines
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(Houghton et al. 2009, Zolkos et al. 2013), cover small extents (tens of km?) and depend on the
consistency of DBH-H allometries. In addition, LiDAR-based forest canopy metrics used to predict
AGB, such as the mean forest height profiles (Mascaro et al. 2011), do not consider an important
share of the horizontal structure of the forest-stand, i.e. when regarding the variations of crowns size
and abundance in the canopy layer related to variations of forest successions (Hallé et al. 1978,
Barbier et al. 2010). Of course, this needs not always to be the case, and - at least with high density
small footprint airborne LiDAR data - other descriptors could be obtained (e.g. Mascaro et al. 2012,

Kellner and Asner 2014).

Despite offering interesting perspectives for the characterization of the canopy layer, very high
resolution (VHR, pixel £ 1 m) optical imagery has remained underused since the launch of the first
IKONOS and QuickBird sensors in the early 2000s. Although approaches aimed at the delineation of
individual crowns have proven to be disappointing in natural forests due to overlap or aggregation
between crowns (Keller et al. 2002, Palace et al. 2008, Zhou et al. 2010), textural indices computed at
the stand level (~1 ha) exhibit encouraging results for describing forest-stand structure (Frazer et al.
2005) and thereby predicting AGB. One method in particular, the Fourier Transform Textural
Ordination, hereafter called FOTO, has been tested in a variety of tropical forest contexts (Couteron
et al. 2005, Proisy et al. 2007, Barbier et al. 2010, Ploton et al. 2012). The FOTO method aims at
characterizing the existing gradients of canopy crown size distribution throughout the forest based
on the spatial variation in pixel radiance observed on VHR images. Technically, the method
decomposes the spatial variation of pixel values within a given optical image extract (window) of the
canopy into spatially periodic functions (sine and cosine) of varying amplitudes and frequencies to
yield Fourier spectra (Couteron 2002). The method then compares the windows through the spectra
using standard multivariate methods to identify the main gradients of canopy texture in the region
(Proisy et al. 2007, Barbier et al. 2010, Ploton et al. 2012). Ordination scores are used as textural
indices and constitute the characteristic dimensions of the FOTO analysis. Compared to classical

textural classification (e.g., Sarker et al. 2011) and object-based methods (e.g., Duveiller et al. 2008),
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the FOTO method presents the advantage of being unsupervised and providing quantitative results
that are interpretable in terms of canopy grain, canopy heterogeneity and crown size distribution.
Consequently, due to the allometric relations between crown and trunk dimensions (West et al.
2009, Barbier et al. 2012, Antin et al. 2013), FOTO indices correlate well with stand structural
parameters measured in the field (e.g. Couteron et al. 2005, Proisy et al. 2007, Barbier et al. 2010,
Ploton et al. 2012). For instance, images of closed canopies exhibiting a stronger contribution of high
spatial frequencies often correspond to the small-sized trees (early successional stages or
unfavorable soils) with low forest-stand AGB, whereas low frequencies are prevalent when large
trees emerge, resulting in higher AGB (Proisy et al. 2007). Interestingly, in all cases investigated,
FOTO indices did not appear to saturate in stands of high AGB, even up to 500 Mg/ha (Proisy et al.

2007, Ploton et al. 2012).

In some cases, the relationship between ground stand structure metrics and FOTO metrics (e.g.,
between stand density and canopy texture, hereafter referred to as structure-texture relationships)
appears to change between sites, suggesting the existence of local differences in forest structural
dynamics (Ploton et al. 2013). In preliminary tests performed in Central African forests, FOTO metrics
appeared to be poorly correlated to all standard structural parameters when applied without
distinction across forest types. In particular, some extensive African forest types, such as open
canopy Marantaceae forests (White 2001a, Gillet and Doucet 2012, Viennois et al. 2013), young
secondary forest made of Uapaca guineensis or Musanga cecropioides (Lubini and Mandango 1981,
Inogwabini et al. 2008), semi-deciduous mixed terra firme forests (Evrard 1968) or Gilbertiodendron
dewevrei monodominant old growth forest types (Lebrun and Gilbert 1954, Evrard 1968, Mosango
and Lejoly 1990, Lubini and Kusehuluka 1991), do present unique canopy textures and are likely to
differ in terms of texture-structure relationships. The very existence of different texture-structure
groups could improve our global understanding of the ecological significance of forest structure and

will be investigated in the present study.
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At last, processing VHR images to implement the method over regional extents or through time, as
required by international programs (Maniatis and Mollicone 2010), involves specific issues that have
yet to be addressed. In particular, the fusion of satellite images from different sensors displaying
variation in both raw-data preprocessing (Ryan et al. 2003) and acquisition configurations (Asner and
Warner 2003) is often problematic. Changes in the sun-scene-sensor geometry have been shown to
induce measurable textural changes (Gastellu-Etchegorry 2008, Barbier et al. 2010, 2011, Proisy et al.
2012). This effect is summarized in the bidirectional texture function (BTF), which is a function
analogous and similar to the bidirectional reflectance distribution function (BRDF) (Kimes 1983,
Gastellu-Etchegorry et al. 1999). In particular, differences in sun elevation and sun-sensor azimuth
angle induce discrepancies in the observed distribution of tree shadows, and have a major impact on
texture (Asner and Warner 2003, Barbier et al. 2011, Ploton et al. 2012). Here, we will evaluate the
potential use of scene overlap to overcome resulting biases in texture-based forest structural

parameter predictions.

The aim of this paper is to assess the potential use of FOTO indices, extracted from the analysis of
forest canopy analysis from VHR optical imagery, to predict AGB variations, to assess the
interdependence between forest structure and forest type and infer regional-scale AGB variations for
Central African forests. We will account particularly for (i) a mosaic of distinct forest types presenting
low to high AGB gradients and (ii) the use of VHR images acquired in contrasted acquisition

conditions.
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Material and methods

Study site

Our study region is located at the edge of the Congo Basin Forest, located in the Bandundu province
of the Democratic Republic of the Congo. It covers an area of nearly 400 km?, centered on the WWF
Malebo research station (WGS1984; N -2°29°4.35” E 16°30’5.528”) with sampling limits defined by
the availability of VHR imagery (Figure 1.1). At a regional scale, the investigated forests are located on
the northern part of the Bateke Plateau, between Lake MaiNdombe, the Congo river and the Kasai-
Kwa river, with an altitude ranging from 300 to 500 m above sea level (Shuttel Radar Topography
Mission data, SRTM). According to soil data from FAO, the dominant soil types are Ferralic Arenosols
(FAO 2007), which comprise sandy soils with low fertility. In this equatorial zone, rain occurs for most
of the year with two dry seasons around February and July. Precipitation varies between 1500 and

1600 mm/year, and the average monthly temperature is stable around 25°C (Vancutsem et al. 2006).

This landscape (Figure I-1) is properly described as a forest-savanna mosaic (Inogwabini et al. 2008)
and includes a wide diversity of terra firme forests stands along with riverine gallery forests, re-
colonizing Uapaca guineensis transition forests, old secondary forests, Marantaceae forests with
understories dominated by Haumania liebrechtsiana and Megaphrynium macrostachyum
(Inogwabini, 2008), mature forests dominated by a mix of Annonaceae, Caesalpinoideae and
Olacaceae trees and old growth monodominant Gilbertiodendron dewevrei forests. The most
frequent species present in the canopy in terms of the total basal area are Klainedoxa gabonensis
(9.87%), Plagiostyles Africana (6.67%), Pentaclethra eetveldeana (5.53%), Strombosia grandifolia
(4.41%), Millettia laurentii (3.66%), Polyalthia suaveolens (3.5%), Gilbertiodendron dewevrei (3.28%),

Pycnanthus angolensis (3.12%), Dialium spp.(2.56%) and Uapaca spp. (2.5%).
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Legend

<+ Biomass plots N
== Local roads
== = Quickbird limits
= = = Geoeye limits

- Forest

Figure I- 1. Study area with forest cover binary map (forest in grey vs. non-forest in white) over a
complex mosaic of heterogeneous forest stands and savannas at the edge of the Congo Basin Forest,
Democratic Republic of Congo, Bandundu. The footprints of the Geoeye-1 and Quickbird-2 scenes
used in this study are represented by dashed rectangular boxes. Crosses represent the location of the

26 field plots (1 hectare each).
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Image database

The imagery used in this study consists of two satellite optical images of very high spatial resolution
(< 1 m) that overlap over more than 60 km? (Figure I1-1). The first image, covering 100 km?2, was
acquired by the Geoeye-1 sensor in January 2012 (acquisition parameters: view zenith angle =
16.56°; sun azimuth angle = 125.3°; sun elevation = 57.2°, sun-sensor azimuth angle = 31.78°, product
catalog ID = 2012011909114141603031601696) and the second, covering 360 km?, was acquired by
the QuickBird-2 sensor in July 2012 (acquisition parameters: viewer zenith angle = 5.4°; sun azimuth
angle = 53.5°; sun-elevation = 49.4°, sun-sensor azimuth angle = 95.1°, product catalog ID
=A0100100BC44F600). Because both images were taken in the same year, with a difference of less
than a year between the image dates and field measurements, potential biases in the analysis due to
changes in the vegetation cover can be ignored. Furthermore, as both dates correspond to dry
seasons, major variations in forest cover due to phenology are not expected. In this paper, these

images will be referred to, respectively, as GE1 and QB2.

Because canopy texture analysis with the FOTO method provides a better insight on complete forest
structural gradients when resolutions are smaller than a 2 m pixel size (Proisy et al. 2007), we only
used the panchromatic bands, corresponding to spectral intervals ranging from 0.450 to 0.900 um for
GE1 and 0.450 to 0.800 um for QB2. The spatial resolution of the two images was standardized to 1

m x 1 m pixels.

The primary focus of this study was the prediction of forest AGB; therefore, a supervised delimitation
of non-forested areas (incl. villages, fields, bare soils and savannas) was performed to mask them out

prior to texture analysis.

Forest structure field dataset

This study combines two field datasets obtained during different campaigns. The first set of forest
inventory plots was collected in 2011 based on the QB2 limits and was established according to a

systematic (grid 1 km?) and randomized design (Gibbs et al. 2007). The second set of plots was
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collected in 2012 based on the GE1 limits and stratified from a FOTO pre-processing analysis in order
to represent the complete texture coarseness gradient. A total of 26 plots, 1 ha each, was used
(Table I-1). To avoid geolocation issues, plot centroid coordinates were calculated from location
records collected with a GPS GARMIN ™ 62S every 25 m along the plot contour, resulting in 25 points
per plot. Because of the absence of differential correction, phase information and limitation to the
GPS constellation, the use of such a navigation grade device reduces both the accuracy and precision
of the positions. However, when comparing to differential methods, we found a bias in per-plot
averaged horizontal positions of less than 3 m in four plots and less than 6 m for two other plots.
These results are comparable to those obtained by Yoshimura and Hasegawa (2003) and by Valbuena
et al. (2010). This suggests that the approach of multiplying position readings at different locations
within the plot is a valid workaround for the effect of dense vegetation on positioning precision,
whereas maximum levels of bias can be considered as acceptable when considering the hectare scale
approach taken here. Stem diameters were collected at 130 cm (DBH) or above buttresses or trunk
deformations if present. Total height (LazerACE™ 2D Hypsometer) and tree species were recorded
for each tree with a DBH > 10cm. Four hundred seventy-four samples of 178 tree species belonging
to 44 families were recorded in the herbarium and botanical library of the ULB (BRLU), with
reference IDs Bastin-Serckx#1-474. Wood specific gravity values were taken from the Global Wood
Density Database (Zanne et al. 2009). All these parameters were used as input data to Chave’s
allometric model to predict AGB for moist forest stands (Chave et al. 2005). The latter equation was
considered, at the time of writing, the best pan-tropical allometric model available to estimate AGB,
including Central Africa (Henry et al. 2010, Djomo et al. 2010, Vieilledent et al. 2012, Fayolle et al.

2013). The computed AGB values of our plots ranged between 25 and 460 Mg/ha (table I-1).
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Table I- 1. Characteristics of the forest plots collected during the two field campaigns for this study,

and FOTO PCA scores of corresponding canopy windows. AGB=aboveground biomass estimated from

field measurements with Chave’spantropical moist model (Chave et al. 2005), PCA1-3=scores along

the corresponding axes of the PCA on the table of corrected spectra

plot X Y Canopy dominant AGB PCA1 PCA2 PCA3 Texture

reference coordinates coordinates genus (Mg/ha) classes (k=3)

M1P1 16°28°25" -2°31°41" Dialium 345.36 136 1.59 0.12 intermediate

M1P2 16°28°26" -2°32°46" Millettia 311.98 -5.87 -0.81 -0.78 coarse

M1P3 16°30°6" -2°32°33" Klainedoxa, 327.25 -1.6 1.24 0.33  intermediate
Santiria

M1P4 16°30°3" -2°33'16" Pycnanthus, 400.23 1.06 0.31 0.18 intermediate
Klainedoxa

M1P5 16°28°40" -2°34°8" Piptadeniastrum 287.1 487 -1.16 0.1 fine

M1P6 16°28°40" -2°35°45" Copaifera, 357.12 1.28 -043 0.55 intermediate
Scorodophloeus

M1P7 16°28°9" -2°36°19" Klainedoxa, 395.95 3.18 -0.72 0.73 fine
Uapaca

M1P8 16°28°42" -2°36°52" Pentaclethra, 412.39 -3.32  -2.15 -0.03 coarse
Klainedoxa

M1P9 16°29°19" -2°36°52" Klainedoxa 409.92 0.95 0.02 0.44  intermediate

M1P10 16°29°46" -2°37°55" Klainedoxa 461.42 -0.29 -1.48 0.41 intermediate

M1P11 16°29°6" -2°36°8" Pycnanthus, 337.54 1.6 -1.56 0.01 fine
Pentaclethra

M2P1 16°32°57" -2°27°19" Millettia 285.89 1.29 0.94 0.53 intermediate

M2P2 16°34°'58" -2°23'51" Pentaclethra 299.85 5.25 1.08 -0.66 fine

M2P3 16°35°17" -2°23°31" Klainedoxa 161.84 -1.94 -0.37 -1.92 intermediate

M2P4 16°35°18" -2°23°41" Millettia 183.12 138 1.39 -0.39 intermediate

M2P5 16°35°4" -2°23°43" Gilbertiodendron 284.48 5.56 -3.84 1.6 fine

M2P6 16°31°4" -2°28°43" Millettia 189.98 0.47 1.97 0.39 intermediate

M2P7 16°30°56" -2°28°38" Plagiostyles 112.57 512 223 -1.88 fine

M2P8 16°32°50" -2°27°21" Brachystegia, 331.15 -2.59 0.61 1.31 intermediate
Gilbertiodendron

M2P9 16°33°46" -2°27°28" Millettia 198.56 -5.05 0.33 0.9 coarse

M2P10 16°33°53" -2°27°24" Maranthes 235.14 721  -2.42 0.18 fine

M2P11 16°30°49" -2°24°59" Millettia 188.47 539 0.66 -0.99 fine

M2P12 16°30°59" -2°24°58" Entandrophragma  220.39 -6.25 0.84 1.33  coarse

M2P13 16°32°9" -2°25°58" Pentaclethra, 175.53 6.38 0.56 -0.96 fine
Klainedoxa

M2P14 16°32°6" -2°26'4" Xylopia 124.96 6.4 0.16 -0.58 fine

M2P15 16°34°45" -2°23°43" Uapaca 27.45 21.19 -8.36 2.07 fine
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The 2D Fast Fourier Transform

The textural analysis applied in this paper is the Fourier Transform Textural Ordination (FOTO)
method. Originally developed to study geomorphology (Mugglestone and Renshaw 1998), it has
been adapted to study landscape patterns in arid vegetation and canopy structure based on aerial
photography and satellite imagery (Couteron et al. 2005, Barbier et al. 2006, Deblauwe et al. 2008).
The reader is referred to previous studies (Couteron 2002) for more details; here, we will focus on

the key features.

The algorithm, programmed in MATLAB © on the basis of the fft2 function, performs a spatial
decomposition of the radiometric signal of a given image extract (hereafter the window).
Specification of window size (N x N pixels) depends on the objects of interest. As we focused on
canopy features, we worked with 100 m x 100 m windows, an area directly comparable with the size
of the field inventory plots (1 ha). To improve the spatial resolution of the output texture and AGB
maps, overlap was allowed between consecutive windows, resulting in a 25 m final (pseudo-)

resolution.

The 2D Fourier transform characterizes the image via a convolution with sine-cosine functions at
integer frequencies, i.e., wavenumbers (1, 2, .., N/2), along the two major Cartesian directions.
These frequencies are afterwards expressed in cycles/km to ease interpretation. The Fourier
transform yields complex numbers, the squared amplitudes of which form a 2D-periodogram or
power spectrum that has the advantage of being an additive partitioning of the image variance into
frequency components. Directional information in the periodogram was not considered here and
was averaged through the computation of the r-spectrum (Figure 1-2, step1). To summarize, the r-
spectrum constitutes a simple descriptor describing the spatial structure within the window in terms
of the variance contribution of a limited number of spatial frequencies. As a high redundancy was
found in the higher frequencies, only the first 33 frequencies were analyzed. In other words, we

considered frequencies ranging from 10 cycles/km (FMIN), corresponding to large objects having a
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period/wavelength of 100 m, up to 330 cycles/km (FMAX), i.e., small objects with wavelengths of ca.

3m.

Combining r-spectra from different sensors and acquisition conditions

The observed canopy texture is influenced by acquisition geometry, i.e., the sun-scene-sensor angles
(Barbier et al. 2011) but also by the sensor’s modulation transfer function (Ryan et al. 2003). Barbier
et al. (2011) showed that bias induced in FOTO indices by changes in acquisition geometry could be
linearly corrected. In this study, we took advantage of the geographical overlap between the two
images (Figure I-1) to empirically derive linear correction coefficients directly for each frequency of
the r-spectrum (Figure 1-2, step2). To do so, a linear regression model was computed for each
frequency (column) of the r-spectra table between the two images across all windows (lines) within
the overlap. As the two tables a priori present comparable levels of uncertainty, model Il major axis
linear regressions were performed (Sokal and Rohlf 1995). The coefficients and intercepts obtained
were then used to correct the whole GE1 r-spectra dataset, hereafter referred to as GE1-corr. Note
that GE1 was chosen to be corrected because its scene was smaller and covered fewer plots than the

QB2 scene.

Texture ordination and classification

An ordination of windows was performed using a standardized principal component analysis (PCA)
(Figure I-2, step3a) on the basis of the concatenated (GE1-corr and QB2) r-spectra table, considering
each frequency (column) of the table as a quantitative variable. In applications dealing with closed
canopy forests, the first axis of the PCA generally expresses a fineness-coarseness gradient of canopy
grain (Couteron et al. 2005) and has been shown from simulated images to be closely correlated with
the mean crown size of canopy trees (Barbier et al. 2010). Due to the allometric properties of tree
stands (Enquist et al. 2009, Antin et al. 2013) as well as the preponderance of large trees influencing
AGB (Chave et al. 2001, Slik et al. 2013), the main PCA axes have already shown good correlations

with AGB in French Guyana mangrove forests and in homogenous forests stands in India (Proisy et al.
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2007, Ploton et al. 2012). Here, Central African forests present contrasting forest types with likely
varying structure-texture relationships, notably due to the peculiarities of Marantaceae forest stands
(open canopy) or mono-dominant Gilbertiodendron dewevrei forests (tightly closed, very
homogeneous canopy). We therefore investigated the relationships between FOTO metrics and
stand parameters separately by delineating forest classes from a first round of analysis of the canopy
texture itself. We first classified windows on the basis of the concatenated r-spectra table (Figurel2,
step3b) using an unsupervised non-hierarchical clustering approach (k-means) and testing different
numbers of classes, as it was difficult to know a priori how many and which forest classes it would be

necessary to distinguish.

Biomass models and cross-validation

AGB-texture prediction models were calibrated between FOTO indices and field plot AGB data. Linear
multiple regression models were developed using the main textural characteristics (i.e., scores along
the three PCA main axes) from the windows extracted around plot locations as predictors and the

AGB estimated from field data as the response variable.

To test the sensitivity to the number of k-means classes, between one and six classes were used, and
for each class an independent AGB-texture model was calibrated (Figurel2, step4). Use of more than
six classes was not considered, as we needed sufficient field plots within each class to calibrate the
global AGB model. This approach is analogous to the piecewise linear regression from the data
mining statistics family (Hastie et al. 2009), which divides the dataset into segmented consecutive
linear regressions with different coefficients. However, in the present case, the classification was
performed for the whole r-spectra table (329 808 windows) and not only on the field plot points,
thereby enhancing the representativeness of the classes for the area and reducing the risk of
overfitting. For each scenario (number of k-means groups), the average R? and RSE were computed
and a Leave-one-out cross-validation was performed (Figure I-2, step5). The best set of models was

then used for mapping AGB over the study site.
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Results

Instrumental effects

We first addressed the issue of textural variations caused by instrumental effects and differences in
acquisition geometry (See workflow, Figure 1-2). The impact of these effects is illustrated through a
close-up of the GE1 and QB2 panchromatic images of the same location (Figure I-3A). The results of
the textural ordination and classification realized on the combined (raw) r-spectra tables were
mapped (Figures 3B-C). In the ordination maps (Figure 1-3B), the scores along the three first PCA axes
are represented in shades of red, green and blue (RGB composite), respectively (see next section for
an interpretation of the meaning of the axes). Due to specific acquisition geometry and sensor
specificities, the GE1 image (Figure I-3A, right) exhibited a much finer grain than QB2 (Figure I-3A,
left), resulting in completely different texture and classification maps even for the same forest types
(Figure 1-3B, Figure 1-3C). In more statistical terms, these discrepancies translated into an important
bias in both the slope and the intercept of the regressions between the textural values (PCA axes
scores) obtained for the GE1 and QB2 images (Figure |-4, gray dots and regression lines). As the two
images have a common area, we were able to derive empirical linear correction coefficients for each
frequency bin of the Fourier r-spectra. This simple correction results in a notable reduction of the
bias of the PCA texture axes (Figure I-4, black dots and regression lines). In fact, after correction, the
regressions between the first three axes for the two images presented null intercepts and slope
coefficients of 1.1, 0.9 and 1, respectively, compared to non-null intercepts and slope coefficients of
0.7, 1 and 0.5 for the raw data. Bias removal was clearly apparent on the mapped results in terms of
both ordination scores and k-means classification (Figures 13D, E) and resulted in similar predicted
AGB distributions, as illustrated in Figure I-3F (pixel resolution of 25m, filtering of 3*3). However, the

noise, expressed by the R?, did not appear to be reduced.

129



Paper 3 : WSG variations of 14 species of Central Africa

Quickbird Geoeye

[=]

AGB (Mg/ha)

0,25 0,5 Km

- High : 300

Low :100

Figure I- 3. Close-up (750 m x 250 m) within the shared area between Geoeye-1 andQuickbird-2
scenes showing the results of the different processing steps. A/ panchromatic images (spatial
resolution = 1 m); B-C/ Red-green-blue composites mapping the scores along the three first PCA axes
on the uncorrected (B) and corrected (D) Fourier r-spectra (pseudo-resolution = 25 m); C-E/Cluster
maps of the 3-classes k-means classification on the uncorrected (C) and corrected (E) Fourier r-
spectra; F/ Inverted biomass maps with pixel resolution of 25m and mean filtering window of 3*3

pixels.
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Global texture map

Windowing into 100-pixel windows (with 1 pixel = 1m? and a window taken every 25 m) and
subsequent r-spectra computation were performed on the GE1 and QB2 images (Figure 1-2), resulting
in 122 900 and 206 908 r-spectra, respectively. After applying the above correction on the GE1 r-
spectra (Figure12), the ordination was computed on the concatenated matrix of GE1-corr and QB2 r-

spectra, with individual windows as observations and Fourier frequencies as variables.

The three main axes accounted for more than 65% of the total variability observed in the PCA (Figure
I-5C), with the first axis being clearly prominent, as shown in the scatterplots of PCA scores (Figures
15A, B) and in the plot of loadings (Figure I-5C). However, the two subsequent axes presented non-
negligible contributions and were hence retained. The correlation circle between the main PCA plans
and the Fourier frequencies (Figures 15D, E) indicated, as was expected, that PCAl expressed a
gradient from low frequencies (FMIN) to high frequencies (FMAX). The two other axes presented
more complex frequency contributions. PCA2 expressed a gradient from a co-existence of low and
high frequencies (FMIN and FMAX) progressively converging towards intermediate frequencies (F60).
PCA3 started in the low frequency domain (FMIN) and ended in intermediate frequencies (F60),

passing by a co-contribution of several frequencies.

When mapped as Red-Green-Blue (RGB) composites, the three first axes exhibited contrasting and
coherent spatial patterns, providing useful visual information about canopy structure variation as
shown in Figure |-3D, with pink-red values corresponding to dense/closed canopy structure and dark-
blue values to open canopy structure. However, given the complexity of forest structural variation in
the study area, texture-structure relationships proved subtler than in previous studies, as we found
both high and low AGB levels at the two extremes of the main texture gradient (PCA axis 1),
suggesting a relatively low interdependence between forest types and AGB. Coarse grained canopy
texture corresponded to low-AGB open-canopy Marantaceae forests as well as to high-AGB closed

stands with large crowns. At the opposite end of the gradient, fine canopy textures corresponded to
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both low-AGB pioneer stands or to high-AGB monospecific Gilbertiodendron dewevrei forests (Table
I-1). Consequently, establishing texture-AGB relationships required the derivation of piecewise

relationships specific to more homogeneous textural groups.
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Figure I- 5. Synoptic results of the PCA on corrected Fourier r-spectra from 329 808 square Geoeye-1

and Quickbird-2, 100 m sides canopy image windows. A-B/ the two first factorial planes are

represented with grey dots with shading indicating the k-means texture class concerned. The black

crosses correspond to the scores of canopy windows co-located with field plots. The code of some

plots of contrasting structure is specified (cf. table I-1). C/ loadings graph giving the proportion of

total variance explained by each PCA axis. D-E/ circles of correlation between spatial frequencies and

PCA axes (in cycle/km).
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Texture-AGB models

K-means texture classifications were realized on the concatenated r-spectra matrix of GE1-corr and
QB2 (Figure 1-2). We tested classifications with one to six textural classes, and for each of the
considered scenarios, an AGB prediction model was parameterized within each class. Each AGB
model consisted of a multiple linear regression using some or all of the three first PCA axes as
independent predictors and field AGB data as the model response (Table I-2). The best scenario was
obtained with only three k-means groups. With more than three groups, at least one non-significant
model or at least one group containing only one field plot was obtained, whereas with one or two
groups, the global RSE increased. Note that the largest improvement in the model was observed
when passing from one to two groups (Figure I-6), suggesting the existence of at least two main
gradients in texture-structure interactions. Global AGB predictions (Table 1-2) resulting from the
piecewise model presented much better results (RSE=19.37%; R? = 0.85) than the approach without
clustering (RSE=35.1%; R? = 0.32). In particular, AGB predictions from the piecewise model did not
show any saturation up to the highest AGB levels (> 460 Mg/ha; Figure I-7). Note that the piecewise
approach based on FOTO indices yielded also good results in the prediction of other forest-stand
structural descriptors which are not developed in the present paper, such as the density of large

trees (dbh = 70 cm) and the basal area (Figure 1-8).

Figure I- 6. Optimizing the piecewise
calibration of the biomass inversion

model. Goodness of fit (R?) obtained

Global R?

for different numbers of k-means

classes. (*) At least one k-means group

has a non-significant linear regression;

(**) At least one k-means group only

1 2 3 4 5 6
Nb of classes has less than three plot.
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Figure I- 7. Comparison between predicted and observed aboveground biomass (in Mg per
hectare). A/ Biomass prediction without segmentation; B/ Biomass prediction with piecewise

regression on the basis of three k-means groups. Gray level of the dots indicate respective group.
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Table I- 2. Parameters of aboveground biomass prediction models. a=intercept, Bl=coefficient of

PCA1, B2=coefficient of PCA2, B3=coefficient of PCA3.

Estimate  SE tStat pValue RSE R?

Coarse (N=4)

o 234.03 16.80 13.93 0.005
62 -75.23 13.01 -5.78 0.029
model 0.029 28.414 0.944

(%)9.9

High (N=11)

a 363.07 2435 1491 0.000

81 -20.84 4.97 -4.19  0.004

82 21.47 19.69 1.09 0.312

83 102.57 3733 275 0.029

model 0.001 43.800 0.889
(%)19.5

Global

model 52.48 0.85
(%)19.37
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Figure I- 8. Aboveground biomass (Mg/ha; R? = 0.85) , basal area (m?/ha; R? = 0.71) and density of
large trees (count/ ha; R =0.76) - i.e trees with a dbh superior or equal to 70 cm- predicted from
textural indices using the piecewise regression model.

Bias =67.70 ; Bias %=2498 ; r=0.741;
Intercept = 38.5 ; Coefficient =0.85
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Figure I- 9. Predicted aboveground biomass (Mg/ha) values from the Leave-One-Out cross-validation

performed with the piece-wise regression model and three k-means clusters.

138



Paper 3 : WSG variations of 14 species of Central Africa

A Leave-One-Out cross-validation was performed. The mean and standard deviations of the models
parameters are summarized in Table |-3. In terms of the sensitivity of global predictions, small biases
were obtained with the piecewise model (bias = 67.7 Mg/ha ; intercept = 38.5 ; slope = 0.85),
whereas the model without clustering gave non-significant results. Some particular plots, such as the
one in Uapaca guineensis secundary forest, became clear outliers when not considered in the
training group, highlighting the low redundancy of plot data in our dataset (Figure 1-9).

In addition, we assessed the potential risk of a biased improvement of the model quality resulting
from a decrease of the sample size (Figure 1-10). To this end, we analyzed the RSE distribution of AGB
prediction from 999 random sub-samples of similar size as the original textural clusters (i.e. N =4 and
N = 11). The original mean RSE were always strongly below the RSE of the random samples (Figure

20) suggesting the improvement of the model cannot be attributed to a decrease of the sample size.

As final validation test, we compared the AGB map derived from either GE1-corr or QB2 images for
the shared area (Figure 1-11). Due to the aforementioned irreducible level of noise resulting from the
different acquisition configurations, naive pixel-to-pixel comparisons at the initial resolution of 25 m
produced rather low correlations (r=0.42; slope = 0.98; intercept = 24.34, Figure 1-11C), despite very
similar spatial structures and biomass levels between the AGB maps. To reduce the amount of noise,
the maps were aggregated to a 100 m resolution and then smoothed (5 x 5 mean filter) before
comparison (Figure I-11A and Figure I-11B), resulting in a much improved matching between the two

predicted AGB maps (r=0.86; slope=1.03; intercept=12.01, Figure I-11D).
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Table I- 3. Mean coefficient and standard deviation from Leave-One-Out cross-validation.

a=intercept, 81=coefficient of PCA1, 82=coefficient of PCA2, 63=coefficient of PCA3.

Leave-One-Out o std a 61 stdp1 82 std B 2 83 stdB3

Coarse (N=4) 231.96 17.58 - - -74.64 11.66 - -
Intermediate (N=11) 319.24 14.17 13.49 7.68 -66.53 7.36 74.20 21.43
Fine (N=11) 366.90 18.78 -21.68 3.84 22.03 8.54 102.88 15.42
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Figure I- 11. Comparison between aboveground biomass maps (in Mg per hectare) predicted (pixel
resolution = 100 m) from each of the two satellite images, A/ Geoeye-1 (acquisition parameters: view
zenith angle = 16.56°; sun azimuth angle = 125.3°; sun elevation = 57.2°, sun-sensor azimuth angle =
31.78) and B/ Quickbird-2 (acquisition parameters: view zenith angle = 5.4°; sun azimuth angle =
53.5°% sun-elevation = 49.4°, sun-sensor azimuth angle = 95.1°,). C/ Scattergrams from pixelwise
comparisons of the biomass values predicted from each image, using C/ a pixel resolution of 25m and
D/ a pixel resolution of 100m with moving average filter of order 2. C/ and D/, the dashed and

continuous line stand for the 1:1 and fitted lines, respectively.
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Specific texture-AGB interactions

To understand the structural information provided by our AGB models based on FOTO metrics and
the practical meaning of texture classes, we described the variation of the Fourier r-spectra within
each class, from low to high predicted AGB (Figure 1-12). For each class, we plotted from left to right
the mean r-spectrum for the set of windows corresponding respectively to percentiles 0, 25, 50, 75
and 100 of the distribution of windows scores along significant texture axes in the AGB model. In
addition, an arbitrary window was randomly picked to illustrate the corresponding canopy aspect at

extreme values.

In the fine texture class (Figure 1-12A), i.e., the high frequency domain (Figure I-5), the predicted AGB
gradient ranged from a dominance of very high frequency (F150 to FMAX, Figure 8A, left) to
smoothed contributions of all frequencies with, at the end, a slight gap in low frequencies (F30-F40,
Figure 8A, right). This model is mainly driven by a negative correlation with PCA1 and a positive one
with PCA3 (Table I-2). Concretely, this corresponds to a transition from closed canopies dominated
by small crowns (Figure 1-13), i.e., pioneer forest with AGB levels as low as 50 Mg/ha, to closed

canopy mature forest with larger crowns and very high AGB levels (approximately 400 Mg/ha).

For the coarse texture class (Figure 1-12C), i.e., in the low frequency domain (Figure 5), the AGB
model is driven primarily by PCA2 (Table I-2). Counter-intuitively, the highest AGB values (c.a. 360
Mg/ha) occurred for r-spectra showing a dominance of very low frequencies (Figure 1-12C, right),
corresponding to an open Marantaceae understory with a few large emergent trees (FMIN) pushing
the AGB to high levels. The transition to a low AGB was caused by an increase in the contribution of
intermediate frequencies (F80-F100) induced by a decrease in the abundance of large trees (F10) in
favor of smaller trees with a globally lower AGB (ca. 90 Mg/ha) and a closed canopy (Figure 1-14). For
this group, the field plots did not cover the full range of PCA2 values. AGB values are likely to

decrease for unsampled very coarse textures, i.e., below a certain density of large trees.
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Finally, in the intermediate texture class (Figure 1-12B), we observed a transition from a dominance
of intermediate frequencies (F100, Figure 8B, left) with low AGB levels (ca. 85 Mg/ha) making the
transition from the lower AGB situation in the coarse texture class (Figure I-12 C1), to a smoothed
contribution of all frequencies with a small gap in intermediate frequencies (F100, Figure |-12 B5),
matching almost perfectly with the higher AGB levels (ca. 390 Mg/ha) of the fine texture class (Figure
I-12 A5). The highest AGB levels in this group were obtained for r-spectra exhibiting an increase in

low frequencies induced by the effect of some large emergent trees (Figure 1-15).

It is interesting to note that, although the AGB-texture models were derived independently in each
group, the transition between the groups in terms of AGB prediction and the corresponding textures
occurs in a continuous and coherent way when considering the transitions between the extreme

spectra of adjacent texture classes.
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Figure I- 13. Typical examples showing the variation or Fourier r-spectra and canopy windows
(Quickbird-2 scene) along the main biomass gradient in the fine texture class. A to E correspond
respectively to percentiles 0, 25, 50, 75 and 100 of the distribution of windows scores along the

significant texture axes obtained in that class using the 3-classes piecewise model.

146



Paper 3 : WSG variations of 14 species of Central Africa

-84 98 Biomass gradient

2 predicted AGB (Mg
; e - r

(intermediate texture
£ 1 class)
= Percentile 100
A g 0 /—\ PCAZ2 value =2.2
? Percentile 0
-1 PCA3 value =-0.7

0 100 200 300

Percentile 75
PCAZ2 value = 1.7

Percentile 25
PCA3 value =-05

m
r-spectrum

£
= Percentile 50
c ?é PCA2 value = 1
I Percentile 50
PCA3 value =0
0 100 200 300
2
E 1
c Percentile 25
g PCAZ value = 0
i Percentile 75
-1 PCA3 value =07
-2
0 100 2000 300
2 predicted AGB (Mg/ha) =391.24
E o v ol et R
=2 1 )
E Percentile 0
§ PCAZ2 value = -1
‘l’} 0 M—_.—
= Percentile 100
-1 PCA3value =12
"0 100 200 300 o A
Frequency (cycles/km)
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Discussion

In the present paper, we showed that simple textural features extracted from VHR optical images
offer prospects for regional and multi-temporal mapping of AGB in a wide variety of tropical forest

structures.

First we demonstrated the possibility to combine VHR images acquired in contrasted instrumental
conditions and, consequently, important visual differences in canopy aspect (Figure 1-13 B-C) by
producing equivalent AGB maps from parallel FOTO procedures. The GE1 image has a backward sun-
view azimuth angle, where tree shadows are masked from the sensor, and a higher sun elevation
compared to the QB2 image. Consequently, initial texture values along PCA axis 1 were much higher
for the GE1, indicating finer textures, coherent with r-spectra with a stronger contribution of higher
frequencies. This is consistent with previous studies on the sensitivity of image texture to
illumination and viewing geometry (Bruniquel-Pinel and Gastellu-Etchegorry 1998, Barbier et al.
2011). In addition, the view azimuths of both images are opposed, as one image is oriented eastward
and the other westward. The addition of those discrepancies introduces a maximum level of noise in
the data, as different canopy features may be observed, diminishing the correspondence between
the textural values of individual windows. The correction we proposed, although conditioned for the
moment by the existence of a significant overlap between images, shows the feasibility of
eliminating those sources of bias. Other less restrictive approaches have also been proposed (Barbier
et al 2011), based, for instance, on the construction of an empirical bidirectional texture function
using a large imagery dataset. Theoretical approaches are also under development using radiative

transfer models (Barbier et al. 2010, 2012).

We also illustrated how FOTO indices can be applied to predict AGB without saturation from 26 up to
460 Mg/ha in very heterogeneous forest stands such as those encountered in Central Africa. In
contrast with previous works on more homogenous closed canopy forests (Proisy et al. 2007, Ploton

et al. 2012), variations in texture-structure relationships among forests as different as open
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Marantaceae forests, young pioneer forests and monodominant Gilbertiodendron forests required
adjusting several distinct linear regression models established for distinct parts of the textural
domain (i.e., the k-means textural classes). In this study, the best AGB predictions were obtained
with three textural classes, the main limit being the number of ground observations per class. In
particular, despite a large dataset of 26 one-ha plots spread across a 400 km? area, only four plots

were located in Marantaceae forests.

Predictions dramatically improved when using as few as two k-means classes, illustrating the intuitive
contrast between closed canopies, in which AGB increases as canopy grain becomes coarser, and
open canopies, which exhibit the opposite trend. In statistical terms, the model proposed for
predicting AGB from canopy texture is analogous to piecewise linear regression (Hastie et al. 2009),
except that the splits were defined a priori based on the textural variability in the whole image
dataset. Moreover, based on the comparison of AGB prediction from random clustering and texture-
based clustering, we showed that the increase of model quality was not a consequence of a random

sample size decrease due to the clustering.

Although continuity was not constrained between models developed in the different classes, the
resulting models did show coherent transitions between classes in terms of the AGB predicted at
class limits. The choice of a non-supervised and non-hierarchical (k-means) classification method was
relevant at this early exploratory stage, given that the very existence of textural groups had to be
tested. Now that it has been established, a more controlled stratification procedure may be
desirable. It might also be relevant to perform this pre-stratification based on independent, non-
textural, information such as spectral properties or other pertinent remotely sensed signals. In the
current approach, it is clear that the classes need to contain a minimal degree of textural variability if
one wants to detect any useful inner gradient. It is likely that other texture-structure relationships
may exist that correspond to forest types unrepresented in our sampling, especially considering
other monodominant forests such as Aucoumea klaineana or Musanga cecropioides. Nevertheless,

considering the diversity of forest structures already present in our study area, the complexity of

150



Paper 3 : WSG variations of 14 species of Central Africa

texture-structure relationships should rapidly reach its limits when generalizing the approach at the
scale of Central African humid forests. To build a global map, it will be necessary to identify all typical
texture classes and to take care of PCA gradient representativeness to define an accurate sampling
design. A different approach could be to aim for more homogenous texture classes in the framework
of machine learning approaches, such as regression tree or partial least square regressions (Hastie et
al. 2009). However, despite expected model improvements, machine learning methods are strongly
correlated to dataset specificities and may lead to a loss of clarity in model understanding and

interpretation along with ecological processes.

AGB predictions were validated both by cross-validation and even more importantly by cross-
checking the predictions based on each satellite image (Figure I-11). Model parameters resulting
from the cross-validation were stable (Table 1-3) as well as most of AGB predictions for the tested
samples (Figure 19). Only some particular sites, such as the Uapaca guineensis colonizing forests,
presented important errors. This highlights their importance in model calibration and the need to

increase their representation in the sampling design.

The precision and accuracy of our predictions meets the eligibility criteria of the IPCC for a MRV
method (i.e. with 20% of RSE (Houghton et al. 2009)) and are only surpassed, for equivalent areas of
a few hundred km?, by small footprint airborne LiDAR methods (Zolkos et al. 2013), for a price on
average of a tenth of the latter, or even less (but see Barbier et al 2010, Ploton et al. 2012 for
applications using free imagery from the Google Earth © digital globe). Even so, given the capacities
of available satellites and weather conditions over equatorial forests, wall to wall even at a yearly
time step is unconceivable. However, within current schemes in which airborne LiDAR is playing an
increasing role as a mean to obtain detailed forest structural information at the landscape scale, VHR
imagery texture should bring complementary quantitative and qualitative information at a moderate
cost. Where LiDAR-derived AGB predictions are generally based on forest height metrics (e.g., Asner
et al. 2010, Saatchi et al. 2011, Baccini et al. 2012), those coming from the FOTO method applied to

VHR imagery come from the horizontal distribution of crown sizes in the canopy of dense forests,
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therefore yielding a potentially complementary metric. In this respect, forest type dependency in
structure-texture relationships mirrors the dependency between airborne LiDAR derived canopy
height and AGB, which is constant only within forests following a given H-DBH or H-Basal Area
relationship (Asner et al. 2014). Although allometries involving crown characteristics have been thus
far hardly been studied in tropical dense forests, there are reasons to assume that crown-DBH
relationships may be less variable across species and tree statures than crown-height correlations

(Muller-Landau et al. 2006, Chave et al. 2006, Antin et al. 2013).

As variation of forest AGB results mainly from the abundance and the size of the largest canopy trees
(Chave et al. 2001, Slik et al. 2013), it is obvious that canopy grain on VHR scenes should contain
relevant AGB related information. However, other aspects such as canopy vertical structure, crown
size frequency distribution, crown architecture, gap abundance, clumping and plasticity, or the
presence of spectrally very distinct crowns such as those of large emergent leafless trees, could all
play an important role on texture indices. To make progress in the identification of the structural
variables conditioning canopy texture, theoretical approaches may offer a promising avenue, as it is
possible to generate 3D stand models based on varying theoretical assumptions, and then simulate
the radiative transfer within the scene and obtain texture images (Gastellu-Etchegorry 2008, Barbier
et al. 2012, Morton et al. 2014). Such a theoretical approach could show if texture allows
distinguishing between canopies produced using the perfect plasticity approximation (Purves and
Pacala 2008, Purves et al. 2008, Bohlman and Pacala 2012) or a more rigid crown placement as in the
TROLL (Chave 1999) or SORTIE models (Pacala et al. 1996), or to quantify the differences in canopy
structure obtained using the prediction of the metabolic theory (Enquist and Niklas 2001, Enquist et

al. 2009) against those of the demographic theory (Coomes et al. 2003, Muller-Landau et al. 2006).

Another important aspect to consider is the temporal hindsight provided by the available VHR optical
collections. IKONOS satellite data provide 14 years of archive data, whereas in many places, airborne
photographs offer more than 50 years of information, although with greatly increased challenges in

terms of acquisition geometry. If visual photointerpretation has had a long and fruitful history in
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forestry, it surprisingly never translated into modern, semi-automated image analysis methods. This
is due to methodological impasse related to the extraction of relevant spatial statistics and the
control of instrumental effects that have frustrated attempts to use VHR imagery as a tool for
consistent quantitative studies of forest structure. As demonstrated here, such issues are now being

overcome, offering new opportunities, notably towards REDD+ initiatives in the tropics.
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In this thesis, our main objective was to better understand the distribution of AGB throughout
Central African forest structure. In the present section we first discuss our main results, their
consequences in the REDD+ context and in particular on the different levels of measurements
involved in AGB estimations. We then discuss potential perspectives in ecology, focusing on forest
guantitative theories and on tropical forests species richness distribution throughout the diametric
structure. Potential biases in AGB estimations related to the 'edge effect' are then discussed followed
by the 'limits and perspectives' section. We then conclude by the 'key findings' as a take-home

message.

1. Key findings and consequences on the “error propagation” issue of AGB estimations

- From the AGB of the tree to the AGB of the forest
We showed that largest trees hold an important share of total forest AGB (paper 2) and that the
error relative to the use of WSG -the second best predictor of the AGB of the tree (Chave et al. 2005,
Fayolle et al. 2013)- from global databases is negligible when compared to field measurement of
WSG (paper 3). These two results bring new elements in the understanding of AGB variations both at
the tree and at the forest scale.
The importance of largest trees was expected since formulas to estimate its AGB rely on tree basal
area which is square-related to their DBH (e.g. Brown 1997, Clark and Clark 2000, Chave et al. 2001,
an illustration for Klainedoxa gabonensis and Staudtia kamerunensis is provided in Figure D-1). In
order to provide to the reader a concrete idea of the importance of largest trees in forest AGB, here
are some numbers on tree AGB estimations based on our dataset in Malebo (allometric model:
Chave 2005, equation for moist forests):

- The minimum AGB recorded : ~11 kg (Xylopia aethiopica; dbh=10 cm);

- The average AGB of trees with a DBH between 10 and 20 cm : ~93 kg;

- The average AGB of trees with a DBH superior to 50 cm : ~6900 kg;

- The maximum AGB recorded : ~68 000 kg (Baillonella toxisperma; dbh = 203 cm);
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The average error in AGB estimation inherent to the use of allometric model is about 20 % (Chave et
al. 2005), consequently this means the error on AGB estimation of the biggest tree (~13 000 kg) is
greater than the sum of the AGB of a hundred trees between 10 and 20 cm (~9300 kg). Therefore, a
small error on the estimation of large trees AGB has much more consequences on forest-scale AGB
estimation than any errors on the estimation of small trees AGB, even when accounting small trees
present a greater number of stems than large trees when regarding to the inverse relationship
between the size and the frequency of trees (Morse 1985, Figure D-2). Consequently, to decrease the
risks of error propagation between AGB estimation at the tree scale and AGB estimation at the forest
scale, here we suggest more attention and more effort should be put in the assessment of the AGB of
largest trees. For example, the use of allometric models with more predictors than classical models,
e.g. considering tree tapering and crown characteristics (Goodman et al. 2014) and the increase of
field sampling measurement on largest trees (multiple measurement of total height, particular care
on buttresses) should both decrease the error on AGB forest-scale estimations. Furthermore, as we
showed that about 1.5 % of species hold 50 % of the AGB of 9 sites widespread in Central Africa, i.e.
the BHD species (paper 2), another possibility to decrease existing errors could be to consider the use
of mono-specific allometric models (18 species for the 9 sites investigated) to estimate AGB of BHD
species and multi-species models for the remaining 98.5 % species.

Among the predictors commonly used in allometric models, the WSG has often been questioned
because WSG values from global wood database (e.g. Dryad, Zanne et al. 2009) are often preferred
to actual field measurement (Clark and Kellner 2012). Such approximation completely neglects
potential intra-specific variation in WSG and potential site dependency. However, we showed in
paper 3 that species-average WSG measured in our site did not differ significantly from species-
average WSG extracted from global databases when considering the entire pool of species at the
forest-scale. This confirms previous results obtained by Fayolle and colleagues (2013) and Chave and
colleagues (2014). As a consequence, we suggest that the use of species-average WSG extracted

from wood databases is a minor source of error in the estimation of forest AGB.
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Figure D- 1. Evolution of the AGB of trees with their DBH. The figure is illustrated for Staudtia

kamerunensis (blue) and for Klainedoxa gabonensis (orange).
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Figure D- 2. Histrogram of the size-frequency distribution of all the stems recorded in Malebo.

- From the AGB of the forest to AGB mapping of the region
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In the present thesis, we established a model allowing to assess forest AGB from varying number of
largest trees for Central Africa (paper 2). In particular, we showed that by measuring only 5 % of the
largest stems with a DBH > to 10 cm of a given 1-ha plot, the error on the estimation of the entire
plot AGB is only about 14 %. These results provide the opportunity to investigate the development of
cost-effective methods to survey tropical forest AGB. Lower cost of forest survey should open
perspective to increase the current sampling cover of tropical forest. This should decrease the
uncertainties of current regional maps of AGB prediction (e.g. Saatchi et al. 2011, Baccini et al. 2012)
since the lack of ground dataset (Mitchard et al. 2013, 2014) presenting the appropriated size for
remote-sensing products (Réjou-Méchain et al. 2014) has recently been reported as one of the most
important issue in AGB mapping. The development of new methods to survey tropical forest AGB
should therefore focus on the trade-off between field cost (plot size, number of plots per area unit,
number trees per area unit) and AGB prediction quality (error of the “largest tree” model, error
related to the pixel-to-ground relationship). In practice, we suggest to develop such tool on the basis
of large existing sampling designs for which the coordinates of each single tree are recorded (e.g.,
CTFS sampling designs of Korup 50-ha; or Ituri 4*10-ha). In each site, several sampling scenario must
be tested which allow to assess the sampling effort vs. errors in AGB estimations. Such tool would
allow REDD+ managers and scientists to adapt their strategy according to their objectives, their
financial budget and their priorities in terms of prediction accuracy and precision.

The quality of AGB prediction in our paper 1, presenting an error of 15 %, rely on the specificity of
the remote-sensing method developed, i.e. the FOTO method, but also on a fair ground sampling
effort, i.e. with 26 1-ha plots over an area of about 400 km?. This corresponds to 0,065 % of the area
sampled. Assessing the relationship between the relative area sampled and the error in AGB
prediction from any remote-sensing product could provide interesting information about the
minimum sampling effort required for each existing remote-sensing product. Such relationship
should present an asymptotical trend from varying shape depending on the remote-sensing product

which facilitates the identification of potential critical threshold.
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The main results discussed in the present section are summarized in Figure D-3, which is based on
the thesis framework developed in the Introduction part. Regarding to the error propagation issue,
we show that we have to account at least for a combination of 20 % of error inherent to the
allometric model when estimating the AGB of the tree, 14 % of error using largest trees model with
the 20 largest trees when estimating the AGB of the forest with 1-ha plots and 15 % of error in AGB
mapping due to uncertainties related to the FOTO method. Others sources of error exist but are not
accounted here: issues in tree height measurement or the use of DBH-H allometries, the impact of
the plot size on field estimation accuracy and on remote-sensing product geolocation and pixel

correspondence issue.
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Regional AGB mapping

Error in AGB mapping from the FOTO method = 15 % (paper 1) 4
Based on a sampling effort of 0.065 % using plots of 1-ha

L

The use of the “largest trees” model add errors

in AGB estimation of the forest. However such
method should help to decrease the error of
remote-sensing product by decreasing the cost
related to field sampling and consequently increase
the field sampling cover capacity. The lack of field
data for remote-sensing calibration has been
identified as the main source of error in current
remote-sensing products. T

Forestunt, . Torsstunits, AGB of the forest

1 Error due to “largest trees” model when using the 20
largest trees per 1-ha plot = 14 % (paper 2)

1 The 20 largest trees per 1-ha plot are obtained in 95 % of
the cases when considering all the trees with a dbh 2 50 cm
Forest unit D (See paper 2 recommandations)

- -

Error propagation

Potential error propagation in AGB estimation of
the forest due to the use of WSG from global wood
density database is negligible {(paper 3)

AGB of the tree |

Error due to multi-specific allometric model = 20 %
(Chave et al. 2005)

Our results in 8 sites investigated in Central Africa :
5 % of the largest trees hold 50 % of forest AGB
1.5 % of total species hold 50 % of forest AGB (BHD species)

P e =y

Our suggestion to decrease the error due to allometric model:
An increase of the number of predictors (crown metrics, trunk
tapering) for large trees (dbh > 50 cm) and the use of mono-
specific models for the 1.5 % of BHD species

Figure D- 3 : Summary of the key findings related to the error propagation issue, illustrated in the

original thesis framework.
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2. Perspectives in Ecology
2.1.Forest quantitative theories

Another opportunity to investigate the importance of the largest trees might be to consider
guantitative theories. One of the most interesting theory developed is the so-called West-Brown-
Enquist (WBE) metabolic scaling theory (Enquist and Niklas 2001, West et al. 2009, Enquist et al.
2009). This theory is based on the assumption that the body size of a given biological organism
affects its rates of biological structures and processes from cellular metabolism to population
dynamics (West et al. 1997). From this assumption, one of the most prevalent allometric pattern can
be characterized: the inverse relationship between the body mass and the abundance of a given
organism (Enquist and Niklas 2001). Therefore, such theory might be applied to describe the size-
frequency distribution of trees of natural forests. Among the simplifying assumptions made by the
theory to describe the forest-stand structure (see West et al. (2009) for details), one in particular
draws our attention : the inverse relationship between size and abundance of trees is invariant in a
natural forest (Enquist and Niklas 2001). Based on this assumption, the whole forest structure might
be approximated from the abundance of trees in a given size class. Both theoretical and empirical
works (Coomes et al. 2003, Muller-Landau et al. 2006, Enquist et al. 2009) showed, however, that
non-competitive induced mortality (Enquist et al. 2009) leads to an overestimation of the density of
the largest trees by the metabolic scaling model predictions. Non-competitive induced mortality are
attributed to exogenous causes of mortality which particularly hit the largest trees (Enquist et al.
2009). Among those, we can list droughts, winds, repeated wildfires, competition with invasive
plants, air pollution, disease, herbivory and insect attack (Anderegg et al. 2012, Lindenmayer et al.
2012).

Different assumptions have been made to understand this overestimation but its explanation is still
debating. On the one hand, the WBE theory considers that the overestimation is part of the theory as
it appears to be systematic (Enquist et al. 2009). On the other hand, Coomes and colleagues (2003)

suggest that the frequency of the largest trees is overestimated due to the combination of the
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increase trees mortality rate with age and random exogenous parameters. Because this last
assumption implies that stochastic events also drive the frequency of large trees, this would prevent
any prediction of the forest-stand structure from the largest trees.

Therefore, the successful prediction of the entire forest-stand AGB from the AGB of largest trees
obtained in paper 2 argue in favor of the WBE theory and meets conclusions of Rutishauser and
colleagues (2010) suggesting forest structure is mainly driven by endogenous factors (e.g.,
competition for resources) and not external forcing.

In practice, the WBE theory uses an inverse power-law to characterize, on a logarithmic scale, an
invariant size-frequency distribution of trees (Enquist and Niklas 2001). Derived from the results of
paper 2, we plotted here the cumulated frequency of trees for each field plot according to an inferior
DBH limit from our dataset in Malebo (Figure D-4). We compare the WBE theory (red dotted line) to
the observed trajectories of each plot (black to grey dots). The gradient of plot AGB is represented in
grey levels, from dark grey (low AGB) to light grey (high AGB). We observe that the distance between
plots trajectories and the WBE theory (roughly estimated here as the difference between expected
frequency and observed frequency at each DBH value) increases with the limit of the considered tree
size (DBH). This emphasizes the statement on the overestimation of the frequency of largest trees in
the WBE theory (Coomes et al. 2003, Muller-Landau et al. 2006, Enquist et al. 2009). However, as
mentioned by Enquist and colleagues (2009) and as suggested by our results in Paper 2, this
deviation appears to be systematic. Interestingly, it also appears to be systematically related to the
variation of the AGB of the plot. All the plots deviate from the theory similarly, with high AGB plots
showing the latest deviations (i.e. a deviation occurring for larger DBH sizes; Figure D-4).

The parameterization of these cumulated distributions would be particularly interesting for future
research in tropical forest ecology as it might allow describing precisely the entire forest-stand
structure (e.g; the frequency of trees in each class size) from a few indicators (e.g. largest trees). This
might help us to better describe the structural differences between forests and to better understand

their dynamics and their interactions with bio-climatic determinants. However, the non-linearity of
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the pattern makes it difficult to interpret. Therefore, here we provide several suggestions which
might overcome this issue:

- We could consider the distribution of the cumulated AGB of trees per plot instead of the
distribution of the DBH. This may potentially correct the overestimation coming from
exponential relationship between DBH and AGB of trees;

- Assuming the light is the main driver of forest-stand structure, it may be more appropriate to
account for the distribution of tree crown size instead of the DBH;

- As the deviation to the model appears to be relatively abrupt, we could make the assumption
of the existence of two different structures: the structure of trees belonging to the canopy
(in full light exposure) and the structure of the understory (in the shadow). We may further

model them separately.
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Figure D- 4. Inverse cumulated number of trees presenting a size superior or equal to DBH. The red
dotted line represent the prediction from the WBE theory, grey dotted trajectories represent the

observed values in 32 1-ha plots (low AGB: dark grey; high AGB: light grey).
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2.2.Forest species richness

The opportunity to use the species richness within the largest trees as an indicator of the global
species richness (see paper 2) of the forest was not expected and leads to new perspectives in the
understanding of the species richness distribution within tropical forests.

Considering the trees of the understory have a non-null probability to reach the canopy, basically
depending on growth and mortality rate (Coomes et al. 2003, Muller-Landau et al. 2006), largest
trees species richness may be expected to be a good indicator of total species richness. Interestingly,
using simple linear regression models, different prediction quality (R?) and coefficients estimates
(slope and intercept) were observed depending on the site and on forest type considered (paper 2,
Figure II-2). Such variations could be related to forests guilds composition, in terms of light-
demanding and shade-tolerant percentage, which must influences growth and mortality rates and
consequently the recruitment of understory species in larger size classes (Wright et al. 2003). Here
we observed that Gilbertiodendron dewevrei monodominant forests presented the biggest slope and
the best coefficient of determination (R? = 0.7). These forests are known as old-growth successions
(White 2001b, Makana et al. 2011, Gillet and Doucet 2012), most of their species consequently
belong to shade-tolerant guild. Shade-tolerant species of the understory trying to reach the canopy
may be assumed to suffer less from the inter-specific competition than light-demanding species.
Such hypothesis has to be considered with caution and deserves further investigations on the
distribution of species richness across the diametric structure of the forest.

In parallel of paper 2, in order to show whether large tree species are a random subset of the whole
species pool or whether they represent a specific species richness distribution, we constructed null
models where individual trees were selected randomly, independently of their size (n=999 iteration).
We then compared random accumulation of species diversity with the species accumulation
obtained when ranking the trees by decreasing size. This method, which has never been investigated
to our knowledge, allowed us to characterize contrasted patterns in the distribution of the diversity.

For instance, we illustrate on Figure D-5 the difference between a plot of Korup site (a dense mixed-
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species forest) and a plot of Ituri (a monodominant Gilbertiodendron dewevrei forest). We can
observe that the ‘so-called” mono-dominant forest-stands may present lots of species in one plot
(~50) but present less than 20 % of the total number of species in the 100 largest trees. Furthermore,
species richness accumulation from the largest to the smallest tree presents a very different pattern
than expected with random selection. Such “sigmoid” shape illustrates the dominance of
Gilbertiodendron dewevrei in the largest size classes of trees. In contrast, more than 50 % of the total
number of species is found in the 100 largest trees in the Korup plot displayed. Here, species richness
accumulation from the largest to the smallest tree presents higher saturation level than expected
with random selection. Indeed, we find more than 50 % of total species richness in the 100 largest
trees while about 40 % were expected with the random selection. These results stress out that
species richness is not randomly distributed through the diametric structure and appears related to
forest typology and/or successional forest stage.

These results offer interesting perspectives to better understand forest ecosystems by quantifying
and dissecting the vertical distribution (i.e. through the diametric structure of the forest) of species

richness across the different size classes of a forest.
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Figure D-5. Species richness distribution across the diametric structure. Comparison between

ranked by decreasing size (balck line) and random curve (grey surface)
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3. The ‘edge effect’
In the present PhD thesis we initially considered to study the impact of an ‘edge effect’ on the
distribution of AGB within tropical forest, and more particularly to investigate the potential error
occurring when bypassing such process. The ‘edge’ is a central element in Landscape Ecology and is
defined as the zone located at the intersection of two different patch types (Farina 2000), e.g. the
savannah and the forest. This zone often presents different species composition and abundance
since it contains species from both vegetations involved and is influenced by both micro-
environmental properties (Forman 1995, Farina 2000).
In practice, following recommendations of Gibbs et al. (2007) and Picard and Gourlet-Fleury (2008) to
study the distribution of AGB within tropical forest, we established a systematic sampling design (grid
1 km?), which is partly represented on Figure I-1 (edge plots where excluded in Paper 1). The
locations of the plots were selected randomly in order to maximize the representativeness of the
landscape and to avoid any statistical issues. To investigate the potential impact of an ‘edge effect’,
the sampling design was divided in two sets of plots:

- 40 Plots of 0.25 ha at the edge of the forest (from 0 to 200 m of the forest-savannah limit);

- 15 Plots of 1 ha (further than 400 m from the forest-savannah limit).
Note 400 m were considered as a minimum to avoid the main known edge effects affecting tropical
forests according to Laurance (2008).
Based on these datasets, no significant differences were found between the AGB at the core and at
the edge of the forest. In addition, they presented both a wide range of AGB values (from less than
100 Mg/ha to more than 300 Mg/ha). Here we suggest this may be due to the important
heterogeneity of tropical forest structure and composition, both in the core and in the edge of the
forest. On the field, we observed several contrasted situations that may argue in favor of such
assumption:

- Recent and old field (regrowth forest) from villagers are generally small (~1-ha) and can often

be found more than 1000 meter from forest edge;
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- Where the savannah is regularly burned, specific tree species are often found in the first
meters of forest edges (e.g. Pentaclethra eetveldeana). However, such trees are quite
common in the core of the forest and may present important dimensions both in the edge
and in forest core (dbh =70 cm, H > 25 m);

- The transition from savannah to forest is sometimes related to topography. A vertical
decrease of 20 to 30 meters on the first 50 meters from the savannah often led us into dense
tropical forests. For instance, plot M2P5 of Paper 1 corresponds to this situation and is
dominated by Gilbertiodendron dewevrei, i.e. the species characteristic of Old growth
monodominant forests in Central Africa. Such forest are generally related to high AGB values
(cf. Paper 1 and 2);

- Marantacean forests are common in the investigated area and may be present from the edge
to several kilometers within the forest. Such forest type can present various values of AGB
depending on the number of remaining large trees (cf. Paper 1).

Consequently, forest cores and forest edges appear to present a large panel of structure and
compositions which is reflected by a high variability of AGB in both situations. In such heterogeneous
environment, no global or homogeneous ‘edge effect’ could be identified on forest AGB.

Therefore, we suggest this has an important consequence for studies aiming at characterizing forest
AGB variations or local ‘edge effects’: AGB predictions methods must account for the heterogeneity
of tropical forest and the spatial variability of AGB. Considering the forest core or the forest edge as a
single homogenous unit could lead to important errors in AGB estimations. We showed in paper 2
that forest AGB is a question of largest trees. As a consequence, remote-sensing methods able to
intercept forest largest trees metrics on each coordinates of a given raster (optical image, radar or
lidar datasets) may predict forest AGB whether the coordinates considered are in the edge or in the
core of the forest. The corresponding field sampling design must consequently maximize the gradient

of the metric considered by the remote-sensing product and the gradient of AGB. However, when no
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remote-sensing products are available prior to fieldwork, a systematic and randomized sampling

design will ensure to maximize the representativeness of forest heterogeneity.
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4. Limits and perspectives

4.1.Fourier Textural Ordination

The successful mapping of forest AGB from the FOTO method (paper 1), is very promising and
encourages the development of a regional approach in Central Africa. However, in the first attempts
recently performed in that direction, some problems in the stability and the consistency of the
results have been observed (pers.comm.Barbier). This type of issue is generally attributed to the
large amount and variety of VHR remote-sensing products which need to be combined for a regional
approach. This leads to potential important differences in terms of sensors and acquisition
conditions, which are complex to correct when there is no overlaps between the scenes (differences
in sun-view-sensor geometries). In addition, using a large amount of scenes requires a large amount

of field datasets for calibration and validation.

Here we suggest other sources of bias which need to be investigated and addressed to solve the lack
of stability and of consistency of the results:

- We should define properly the textural clusters (i.e. the group in which we develop each
prediction model of AGB). We propose to use a supervised classification method instead of a
k-means classification. Because with a k-means method, the identified clusters depend on
the properties of the scene investigated. Therefore, such clusters may vary from one scene
to another;

- We should properly identify the influence of acquisition parameters on texture and on the
potential AGB prediction. We suggest to simulate forest plots based on two different entries :

(i) the number of large trees and (ii) the understory cover.
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4.2.Wood density profiles

Two main limits can be identified in our study on WSG profiles: the lack of representativeness in the
radial intra-individual variation of wood density and the lack of representativeness in the vertical
intra- and inter-individual variation. In the framework of the impact WSG variation on the AGB of the
tree, such parameters must be further investigated, at least for BHD species.

However, our results open great perspectives when considering the understanding of the decreasing
trends of wood density from pith-to-bark which appear consistent within our samples. As discussed
in paper 3 and in opposition to what is generally believed, we showed that the species presenting a
decrease of WSG from pith-to-bark are frequent in Africa, especially considering biomass
hyperdominant species (see paper 2). In paper 3, we observed that the species concerned by this
decrease of WSG from pith-to-bark are mainly composed of hardwood species but not always of
shade-tolerant species as sometimes mentioned in the literature (Woodcock and Shier 2002, Henry
et al. 2010). While an increase in WSG from pith-to-bark makes a consensus by being attributed to
light-demanding species (Wiemann and Williamson 1988), our result show that no consensus seems
to be found for decreasing trends. Therefore, we suggest that further investigations should be
conducted in the two following directions:

- A full characterization of the wood anatomy : an anatomical interpretation of the radial
variation of WSG from pith-to-bark could provide interesting elements to understand the
decreasing pattern;

- A better understanding of tree ontogeny (plant establishment, fructification, crown
development,...) and its relationship with its habitat could help to formulate appropriate

assumption to identify the determinant of such variations in the WSG profiles.
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Key findings

The main results obtained in the present thesis are the following:

a.

The canopy structure mirrors an important share of forest-stand structure (paper 1);

b. The distribution of AGB through the forest-stand is conserved within and between the

investigated locations from western Cameroon to eastern DRC (paper 2), therefore forest-
stand structure is very stable across Central Africa;

The 5 % largest stems AGB explain more than 90 % of total AGB variation in the investigated
locations from western Cameroon to eastern DRC;

Largest trees convey important shares of forest-stand AGB and species richness variance in
Central African forests (paper 2);

Only 18 species on 1194 (~1.5 %) hold 50 % of total AGB in the sites investigated in Central
Africa. These are referenced as biomass hyperdominant (BHD) species. (paper 2);

Wood specific gravity (WSG) extracted from global database do not differ significantly from

WSG estimated in the field when AGB is estimated at the forest-scale (paper 3).

These results provide concrete progress in our understanding of tropical forest ecology and carbon

storage at the scale of the tree, of the forest and the Central African region. In particular, they

emphasize the key role played by largest trees, and consequently highlight the importance of the

canopy layer (a, c, d) in the understanding of tropical forest complexity.

In the REDD+ context, we believe our results offer new perspectives to develop cost-effective

sampling strategies, which should decrease the effort and the cost of current methods, and increase

the sampling cover capacity of participating countries.
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Vernacular name Family Species

Ba Arecaceae Elais guineensis

Banziani Asparagaceae Dracaena mannii

Biontere Annonaceae Xylopia hypolampra Mildbr.

Biontere2 Annonaceae Xylopia cupularis

Bobfu Fabaceae (Mimosoideae) Piptadeniastrum africanum (Hook.f.) Brenan
Bolu Clusiaceae/ guttiferaceae Symphonia globulifera L.f.
Bonkolo_grandes_feuilles Malvaceae Cola ballayi Cornu ex Heckel
Bonkolo_petites_feuilles Malvaceae Cola griseiflora De Wild.

Boparu

Fabaceae (caesalpinoideae)

Copaifera spp.

Boparu_grandes_feuilles

Meliaceae

Guarea cedrata (A.Chev.) Pellegr.

Bopilil

Fabaceae (caesalpinoideae)

Scorodophloeus zenkeri Harms

Bopili2 Huaceae Afrostyrax lepidophyllus Mildbr.

Bopili3 Fabaceae (caesalpinoideae) | Cynometra spl

Boyabi Sapotaceae Baillonella toxisperma Pierre

BoyabiBlanc Sapotaceae Tieghemella africana Pierre

Buu Myristicaceae Staudtia kamerunensis var. gabonensis (Warb.) Fouilloy
Bwamoti Rutaceae Zanthoxylum gilletii (De Wild.) P.G.Waterman
Ebabi Fabaceae (Papilionoideae) Millettia laurentii De Wild.

Ebabi-arbuste Fabaceae (Papilionoideae) Millettia drastica

Ebie Flacourtiaceae Oncoba mannii Oliv.

Ebunu Rubiaceae Nauclea latifolia

Elolo Annonaceae Annona senegalensis Pers.

Elumbuli Apocynaceae Rauvolfia vomitoria

EmeinlJaune Olacaceae Strombosia pustulata Oliv.

Emein2 Olacaceae Heisteria parvifolia Sm.

Emein_rouge_lignes Olacaceae Strombosia grandifolia Hook.f.
Emein_séve_rouge Olacaceae Strombosiopsis tetrandra Engl.
Emein_ya_boutons Olacaceae Diogoa zenkeri (Engl.) Exell & Mendonca
Enama Moraceae Ficus spp.

Endil Euphorbiaceae Plagiostyles africana (Miill.Arg.) Prain

Endi2 Euphorbiaceae Duvigneaudia inopinata (Prain) J.Léonard
Entuemofuru Moraceae Myrianthus arboreus P.Beauv.

Epu Passifloraceae Paropsia guineensis

Esau Fabaceae (Mimosoideae) Tetrapleura tetraptera (Schumach. & Thonn.) Taub.

Esia-sia - ya esoba - petits fruits

Euphorbiaceae

Uapaca guineensis Muill.Arg.

Esiemofuru

Verbenaceae

Vitex ferruginea Schumach. & Thonn.

Esiemofuru2

Verbenaceae

Vitex congolense

Esili Fabaceae (Mimosoideae) Pentaclethra eetveldeana De Wild. & T.Durand
Esiye Euphorbiaceae Maprounea africana Mull.Arg.

Esoyili Verbenaceae Vitex congolense

Esusou Hypericeae Psorospermum febrifugum Spach

Etionsa_esobe

Euphorbiaceae

Chaetocarpus africanus

Ewere Euphorbiaceae Hymenocardia spp.
Eweremofuru Combretaceae Combretum lokele Liben
Kwerol Fabaceae (caesalpinoideae) | Dialium zenkeri

Kwero2 Chrysobalanaceae

Parinari excelsa Sabine.
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Lebainl Ebenaceae Diospyros ferrea (Willd.) Bakh.

Lebain2 Ebenaceae Diospyros spl

Lebeilenzo Melastomataceae Warneckea spl

Lebu Arecaceae Borassus aethiopum

Lefaki Meliaceae Lovoa trichilioides

Lefaki_noir Meliaceae Entandrophragma angolense (Welw.) C.DC. (cf.

congoense)

Lefaki-médicament (odeur de vicks)

Sapindaceae

Ganophyllum giganteum (A.Chev.) Hauman

Lempia Moraceae Ficus sp2

Lepipa_grandes_feuilles Irvigiaceae Irvingia grandifolia (Engl.) Engl.
Lepipa_petites_feuilles Irvigiaceae Irvingia gabonensis (Aubry-LeComte ex O'Rorke) Baill.
Lepoene Apocynaceae Rauvolfia macrophylla

Luol Clusiaceae Garcinia kola

Luo2 Apocynaceae Picralima nitida Stapf.

Mbulbabfuba Thymelaceae Dicranolepis baertsiana

Mobala Fabaceae (Mimosoideae) Pentaclethra macrophylla Benth.

Mobamu Sapotaceae Chrysophyllum lacourtianum De Wild.
Mobamu2 Sapotaceae Chrysophyllum africanum

Mobamu3 Sapotaceae Chrysophyllum beguei

Mobe Annonaceae Anonidium mannii Oliv.

Mobeon Rubiaceae Massularia acuminata (G.Don) Bullock ex Hoyle
Mobfuma Bombacaceae Ceiba pentandra (L.) Gaertn.

Mobilankeon1 Malvaceae Cola diversifolia De Wild. & T.Durand
Mobilankeon2 Malvaceae Cola gigantea A.Chev.

Mobilu 3 - Mobao (amer) Malvaceae Cola spp.

Mobilul Malvaceae Cola acuminata (P.Beauv.) Schott & Endl.
Mobilu2 Malvaceae Cola cf. ballayi

Mobolo Annonaceae Isolona hexaloba Engl. & Diels

Moboro Fabaceae (Papillonoideae) Milletia spl

Mofwu Apocynaceae Alstonia congensis Engl.

Mogbafu Ochnaceae Campylospermum cf. bukobense (Gilg)
Mokakuma Sapotaceae Omphalocarpum elatum Miers

Mokakuma2 Sapotaceae Omphalocarpum lecomteanum Pierre ex Engl.
Mokakuma3 Sapotaceae Omphamlocarpum procerum

Mokaru Anacardiaceae Sorindeia africana Engl.

Mokaunkaun savane

Rubiaceae

Gaertnera paniculata

Mokaunkaun

Guttiferaceae / Clusiaceae

Allanblackia ?

Mokie

Euphorbiaceae

Macaranga barteri Mull.Arg.

Mokie avec feuilles dentées

Euphorbiaceae

Macaranga monandra Mull.Arg.

Mokie ya mai Euphorbiaceae Macaranga staudtii Pax

Mokilankima Myristicaceae Pycnanthus angolensis (Welw.) Warb.
Mokinkaal Rubiaceae Rytigynia spl.

Mokinkaa2 Rubiaceae Rytigynia sp2.

Mokoli Annoncaceae Cleistopholis glauca Pierre ex Engl. & Diels
Mokonkaun Sapindaceae Pancovia laurentii (De Wild.) Gilg ex De Wild.
Mokuon Acanthaceae Thomendersia hensii

Molieme_grandes_feuilles

Fabaceae (caesalpinoideae)

Brachystegia laurentii (De Wild.) Louis ex Hoyle
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Molieme_petites_feuilles

Fabaceae (caesalpinoideae)

Bikinia evrardii

Molili

Euphorbiaceae

Tetrorchidium didymostemon

Molondo Moraceae Milicia excelsa (Welw.) C.C.Berg

Molondo2 Boraginaceae Cordia platythyrsa

Molu Fabaceae (Mimosoideae) Albizia gummifera

Molurumoba Clusiaceae Garcinia punctata Oliv.

Mombiene2 Rubiaceae Colletoecema dewevrei

Mombimbili Fabaceae (caesalpinoideae) | Erythrophleum suaveolens (Guill. & Perr.) Brenan
Momeon Fabaceae (caesalpinoideae) | Daniellia pynaertii De Wild.

Momeon ya mai

Fabaceae (caesalpinoideae)

Hylodendron gabunense

Mompei Fabaceae (caesalpinoideae) | Quassia africana (Steyaert) Mendonca & Torre

Mompini Fabaceae (caesalpinoideae) | Aphanocalyx microphyllus

Mondiri Fabaceae (caesalpinoideae) | Gilbertiodendron dewevrei (De Wild.) J.Léonard

Mongaangaa Euphorbiaceae Sclerocroton cornutus (Pax) Kruijt & Roebers / Sapium
cornutum

Mongele Euphorbiaceae Ricinodendron heudelotii (Baill.) Pierre ex Heckel subsp.
Heudelotii

Monkama Flacourtiaceae Oncoba welwitschii Oliv.

Monkee Fabaceae (caesalpinoideae) | Erythrophleum suaveolens (Guill. & Perr.) Brenan

MonkeeJ Fabaceae (caesalpinoideae) | Afzelia bipindensis Harms

Monkuma Meliaceae Trichilia martineaoui

MonkumaGF Meliaceae Trichilia spl

Monkumankuma Passifloraceae Barteria fistulosa Mast.

Monkwinkweu Fabaceae (caesalpinoideae) | Berlinia (congolensis - confusa)

Monsia Ochnaceae Rhabdophyllum arnoldianum (De Wild. & T.Durand)
Tiegh.

Monsia2 Ochnaceae Rhabdophyllum sp.

Monsia3 Ochnaceae Rhabdophyllum sp.

Montimonsuo

Fabaceae (caesalpinoideae)

Dialium spl

Motimontala Annonaceae Uvaria? Mischogyne?

Montuna Hypericaceae Harungana madagascariensis Lam. ex Poir.
Mopapu Fabaceae (Mimosoideae) Fillaeopsis discophora Harms

Mopounamueli Rubiaceae Hallea stipulosa (DC.) Leroy

Mopounansio Gentianaceae Anthocleista liebrechtsiana De Wild. & T.Durand

Mosa Lecythidiaceae Petersianthus macrocarpus (P.Beauv.) Liben
Mosauamofurul Burseraceae Dacryodes edulis

Mosauamofuru2 Burseraceae Santiria trimera (Oliv.) Aubrév.

Moseon Euphorbiaceae Maprounea membranorea

Mosio Urticaceae Musanga cecropioides R.Br.

Motiamfuamfu Malvaceae Grewia oligoneura Sprague

Motimankul Pandaceae Microdesmis cf. puberula

Motimanku2a Flacourtiaceae Scottellia klaineana

Motimanku2b Violaceae Rinorea oblongifolia (C.H.Wright) Marquand ex Chipp
Motimanku2c Violaceae Rinorea brachypetala (Turcz.) Kuntze
Moyempani Fabaceae (Papillonoideae) Millettia cf. drastica

Moyili Olacaceae Ongokea gore (Hua) Pierre

Mpaba Fabaceae (caesalpinoideae) | Guibourtia pellegriana/Aphalocalyx
Mukulungu Sapotaceae Autranella congolensis (De Wild.) A.Chev.
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Vernacular name

Family

Species

Munzoni Bignonaceae Markhamia tomentosa

Ndaliba Euphorbiaceae Drypetes spl. (Drypetes chevalieri Beille ex Hutch. &
Dalziel)

Ngabebalu Myristicaceae Coelocaryon preussii Warb.

Nguimbere Fabaceae (caesalpinoideae) | Dialium pachyphyllum

Nguogni noir Fabaceae (caesalpinoideae) | Celtis tessmannii Rendle

Nguogni tronc fissuré

Fabaceae (caesalpinoideae)

Tessmannia africana Harms

Nguogni tronc flisse

Fabaceae (caesalpinoideae)

Tessmannia anomala (Micheli) Harms

NKkuri

Irvigiaceae

Klainedoxa gabonensis Pierre ex Engl.

Nkuribedzu

Chrysobalanaceae

Marantes glabra

Nsalbain_rugueux

Dichapetalaceae

Dichapetalum spl

Nsalbain_lissel Ebenaceae Diospyros iturensis

Nsalbain_lisse2 Ebenaceae Diospyros dendo

Nsia Annonaceae Xylopia aethiopica (Dunal) A.Rich.

Nsia ya mai - racines aériennes Annoncaceae Xylopia staudtii - rubescens

Nsiabanduu Dichapetalaceae Tapura spl

Nsiabonkono Meliaceae Trichilia cf. rubescens

Nziali Clusiaceae Garcinia spl

Nzinil Annonaceae Polyalthia suaveolens Engl. & Diels
Nzini2 Annonaceae Annickia chlorantha Oliv.

Nzini3 Annonaceae Piptostigma fasciculatum De Wild.
Nzini3-smalltree Annonaceae Polyceratocarpus gossweileri

Sii Olacaceae Olax spp.

Siu Tiliaceae Desplatsia dewevrei (De Wild. & T.Durand) Burret
Tsil Burseraceae Canarium schweinfurthii Engl.

Zuu Sapindaceae Eriocoelum microspermum Gilg ex Radlk.
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Aboveground biomass mapping of African forest mosaics
using canopy texture analvsis: toward a rcgional approach

Jean-Francors Bastiv, "5 *® Nicoras Barsier,* Pierre Couteron, BEnoiT ADams,! AURELIE SHAPIRO,? JAN
BoGaerT,” aND CHARLES DE CANNIERE'

' Landscape Ecology and Plant Production Systems Unit, Université Libre de Bruxelles, Brussels, Belgium
* Biodiversity and Landscape Unit, Gemblows Agro-Bio Tech, Université de Licge, Gemblows, Belgium
3 Eeole Régionale Post-universitaire d Aménagement et de Gestion Inidgrés des Foréts et Territoires Tropicaux, Kinshasa, the
Democratic Republic of the Congo
*IRD. UMR AMAP_ F-34000 Montpellier, France
‘Warld Wide Fund for Nature ( WWF )Gemany, Berin, Germany

Abstraer. In the context of the reduction of greenhouse gas emissions caused by
deforestation and forest degradation (the REDD4+ program), optical very high resolution
(VHR) satellite images provide an opportunity to characterize forest canopy structure and to
quantify aboveground biomass (AGB) at less expense than methods based on airborne remote
sensing data. Among the methods for processing these VHR images, Fourier textural
ordination (FOTO) presents a good method to detect forest canopy structural heterogeneity
and therefore to predict AGB varations. Notably, the method does not saturate at
intermediate AGB values as do pixelwise processing of available space borne optical and radar
signals. However, a regional-scale application requires overcoming two difficulties: (1)
instrumental effects due to varations in sun—scene—sensor geometry or sensor-specific
responses that preclude the use of wide arrays of images acquired under heterogeneous
conditions and (2) forest structural diversity including monodominant or open canopy forests,
which are of particular importance in Central Africa. In this siudy, we demonstrate the
feasibility of a rigorous regional study of canopy texture by harmonizing FOTO indices of
images acquired from two different sensors (Geoeye-1 and QuickBird-2) and different sun—
scene—sensor geometries and by calibrating a pilecewise biomass inversion model using 26
mventory plots (1 ha) sampled across very heterogeneous forest types. A good agreement was
found between observed and predicted AGB (residual standard error [RSE] = 15%; R* =085;
P < 0.001) across a wide range of AGB levels from 26 Mg/ha to 460 Mg/ha, and was
confirmed by cross validation. A high-resolution biomass map (100-m pixels) was produced
for a 400-km” area, and predictions obtained from both imagery sources were consistent with
each other (r = 0.86; slope = 1.03; intercept = 12.01 Mg/ha). These results highlight the
horizontal structure of forest canopy as a powerful descriptor of the entire forest stand
structure and heterogeneity. In particular, we show that quantitative metrics resulting from
such textural analysis offer new opportunities to characterize the spatial and temporal
variation of the structure of dense forests and may complement the toolbox used by tropical
forest ecologists, managers or RED D+ national monitoring, reporting and verification bodies.

Key words:  aboveground bipmass; canopy siruciure, canopy texiure analysis; central Africa; Congo
Basin forest; forest elassification; forest-stand structure! Fourier transform; remote sensing. very high
resalution imagery.
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The exclusive license for this PDF is imited to personal website use coly. No part of this digital document
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Chapter 5

MULTISCALAR ANALYSIS OF THE SPATIAL
PATTERN OF FOREST ECOSYSTEMS IN CENTRAL
AFRICA JUSTIFIED BY THE PATTERN/PROCESS
PARADIGM: TWO CASE STUDIES

J. F. Brrsﬁnf, J. P. Djfbu‘i, F. Hm:}'ﬂrr‘manaj, S. Alon gaf, S. KHIHEPHI,
C. Sh frmkama‘f, A. _Maranda‘;, V. Jﬂfﬁs‘?, C. Sre"vfgn_}”', P. Duez“[,

C. De Canniére’ and J. Bagm’rr'f
'Université Libre de Bruxelles, Ecole Interfacultaire de Bioingénieurs, Service
d’Ecologie du Paysage et Systemes de Production Végétale, Bruxelles, Belgique
“Institut Facultaire des Sciences Agronomiques de Yangambi, Yangamby/Kisangani,
République Démocratique du Congo
*Université Libre de Bruxelles, Institut de Sociologie, Bruxelles, Belgique.
*Université Libre de Bruxelles, Laboratoire de Pharmacognosie, Bromatologie et
Nutrition humaine, Bruxelles, Belgique

ABSTRACT

The pattern/process paradigm justifies the focus of ecological studies on spatial
pattern. Two case studies are discussed in which spatial pattern 1s put forward. The first
study analyzes the impact of the definition of forest as a land cover class on the
quantification of the spatial pattern of the forest. For the Katanga Province in the
Democratic Republic of the Congo. 1t 15 shown that the mterplay of two factors deter-
mines the outcome of a fragmentation analysis: the area considered as forested, and the
landscape metrics used. The second study disentangles the relation between tree density
and understory diversity in the Burur Forest Namre Reserve in Burundi. The inter-
mediate disturbance hypothesis 1s used to explain the nonlinear relationship between
understory diversity and tree density. Cluster analysis and comparisons of understory
vegetations from environments with different tree densities, confirmed this link between
tree density and understorv development.

* Corresponding auther (jan bogaert@ulb.ac be)|
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ABSTRACT

Aim In this study we identified large-scale variation in tree species composi-
tion across tropical African forests and determined the underlying environmen-
tal and historical factors.

Location Tropical forests from Senegal to Mozambique.

Methods Distribution data were gathered for 1175 tree species in 455 sample
sites scattered across tropical Africa, including all types of tropical forests (wet,
moist, dry, and lowland to moderate elevation montane forests). The value of
elevation and 19 climatic variables extracted from the BIOCLIM data set were
assigned to each sample site. We determined the variation in species composi-
tion using correspondence analysis and identified the environmental correlates.
We defined floristic clusters according to species composition and identified
the characteristic species using indicator analysis.

Results We identified a major floristic discontinuity located at the Albertine
rift that separated the dry, moist and wet forests of West and Central Africa
(the entire Guineo-Congolian Region) from the upland and coastal forests of
East Africa. Except for the Albertine Rift, we found no evidence to support the
other proposed floristic discontinuities (Dahomey Gap etc.). We detected two
main environmental gradients across tropical African forests. The rainfall gradi-
ent was strongly correlated with the variation in tree species composition in
West and Central Africa. The elevation/temperature gradient highlighted the
major floristic differences within East Africa and between East Africa and the
Guineo-Congolian Region, the latter being most probably due to the geological
disruption and associated climatic history of the East African uplift.

Main condusions We found floristic evidence for three main biogeographical
regions across the tropical African forests, and described six floristic clusters
with particular environmental conditions within these regions: Coastal and
Upland for East Africa, Dry and Wet-Moist for West Africa, and Moist and
Wet for Central Africa.

Keywords

Albertine Rift, African tropical forests, biogeographical analysis, correspon-
dence analysis, East African uplift, environmental gradients, floristic disconti-
nuities, indicator species, Pleistocene climatic oscillations.
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Influence de l'effet de lisiere sur la productivité du teck
(Tectona grandis L.f.): étude de cas des teckeraies privées

du Sud-Bénin

M. S Toyi", J -F. Bastin®?, Marie André?, C. De Canniére?, B. Sinsin' & J Bogaert®

Mots clés - Production du bois en lisiére- Ecologie du paysage- Modéle de plantation- Sud-Bénin

Keywords : Tectfona grandis L.f- Landscape ecology- Edge effect- Private teak plantation- Southemn Benin

Résumé

La présente éfude vise & améliorer la production du
bois de teck (Tectona grandis L.f) & I'échelle des
plantations privées du Sud-Bénin a ftravers
Fapplication d’'un concept central de I"écologie du
paysage: l'effef de lisiére. Le teck étant une espéce
héliophile, I'hypothése d'une plus forte production
de bois en lisiére a été testée. Ainsi, 62 teckeraies
privées ont été parcourues et 10667 arbres ont été
mesurés. L'échantiionnage stratifié en 3 zones
distinctes pour chague plantation - le centre, la
lisiére et les sommets (coins des plantations), a
permis de mettre en évidence l'effet de lisiére surla
production de bois. Dans chaque Zone, une
placetfe a été installée et e diamétre @ 130 cm du
sol (dbh) a été mesuré pour fous les arbres. La
différence de surface foliaire par individu entre la
lisiére et le centre des plantations a également été
mesurée. Enfin, linfluence de la configuration
spatiale des plantations et de [lorentation de
chague coté des plantations sur la production de
bois a été testée. Les résultats montrent que leffet
de lisiére sur la production du bois de teck fouche 4
lignes de plantations, la premiére présentant une
production de fordre de 150% par rapport au
cenfre. On nofe également une influence
significative de la lisiére sur la surface foliaire,
{production de lordre de 218% en lisiere par
rapport au cenire). Aucune influence de
Forientation des cofés de Ja plantation na été
observée. La forme des plantations présente une
influence significative sur la production de bois.
Ainsi, les plantations ayant une forme maximisant
leur périmétre par rapport a leur surface,
présentent une production de bois plus importante.
Ces résuitats onf permis de proposer un modéle de
plantation inclus dans un systeme agroforestier qui
optimise la production de bois par unité de surface
ef présentant une succession de 2 lignes de
plantation entrecoupées de champs.

summiary

Influence of Edge Effect on Productivity of Teak
(Tectona grandis L 1) a Case Study of Private Teak
Plantations in Southem Benin

The present study aims fo improve the production
of feak wood (Tectona grandis L) on prvate
plantations in southern Benin through the
application of a central concept in landscape
ecology: the edge effect. As feak is an heliophilous
species, the hypothesis of a higher wood
production in edges was tested on the basis of the
basal area G. 62 private teak plantations were
investigated and 10,667 frees were measured. The
stratified sampling scheme in 3 distinct parts for
each plantation (the centre, the edge and the
summits) permitted to highlight the edge effect on
wood production. For each part, a plot was installed
and the diameter at breast height (dbh) was
measured for all frees. The jeafl area befween the
edge and the centre of planiations was measured.
Finally, the influence of the spatial configuration of
plantations and the direction of each side of these
plantations on the production of wood was fesfed.
Resuits show that the edge effect on the production
of feak wood affects 4 planting fine, the frst
presenfing a production on the order of 150%
relafive to the cenfre. We notice meaningiul
imfluence of the edge on the leaf area (a production
on the order of 218% in the edge refative fo the
centre). No influence of the direction of the sides of
the plantation was observed. The shape of the
plantations presents a meaningful infiuence on the
wood production. These resufts permitted fo
propose a planfing model included fn  an
agroforestry system that optimizes the production
of wood per area and having a succession of 2
planting line inferrupted by fields.

1 Université d' Abomey-Calavi, Faculté des Sciences Agronomiques, Labaratoire d'Ecologie Appliqués, 01 BP 526, Cotonou, Bénin
2 Université Libre de Bruxelles, Ecole Interfacuftaire de Bicingénieurs, Service d'Ecologie du Paysage et Systémes de Production WVégétale, CP 188, 50

Avenue F. Roosevelt, 1050 Bnxelles, Belgique.

3 Universite de Liége, Gembloux Agro-Bio Tech, Unite Biodiversiteé et Paysage, 02 Passage des Deportes, B-5030 Gemblouwx, Belgique.
" Auteur pour comespondances E-mail: mireille toyif@gmail.com; 02 BP 1181 Porto-Novo, Bénin. Tel: (220) 07 80 58 02.
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Tree Plantation Will Not Compensate Natural Woody
Vegetation Cover Loss in the Atlantic Department of
Southern Benin

M.S. Toyi", ¥.S.S. Barima®, A. Mama'®, M. André*, J -F. Bastin®*, C. De Canniére®, B. Sinsin' & J. Bogaert*

Keywords: Land use and land cover change- Probability matrix- First-order Markov model- Tree plantation-
Benin

Mots clés: Changement d'occupation et d'utilisation du sol- Matrice de probabilité- Modéle de Markov de
premier ordre- Plantation forestiére- Bénin

Summary Résumé

This study deals with land use and fand cover Les plantations forestiéres ne compenseront
changes for a 33 years period. We assessed these pas les pertes de végétations naturelles boisées
changes for eight fand cover classes in the south of dans le Département de I’Atlantique au sud du
Benin by using an integrated muiti-temporal Bénin

analysis using three Landsat images (1972 Landsat la présente étude traite des processus de

’gfsj 1986 L‘.””dfff JMI‘;”” 2005 L?”df"’f E‘ET"‘W- changements d'occupation et d'utilisation du sol sur
Fee SCENArios 1or e TULUre Were Simulaled using — ne qyrée de 33 années. Ces changements ont été

a first-order Markowian model based on annual 5 ; : ; ;
- . e evalues pour huit classes d'occupation du sol au
probabifity matrices. The contrnbution of tree sud de Bénin & partr dune analyse muiti-

plantations o compensate forest loss was temporelle de trois images satelitaires de type
assessed. The results Show a strong Ioss of forest  onqcar Mss 1972, Landsat TM 1986 et Landsat
and savanna, mainly due to increased L;a‘gncu.l‘tumf ETM+2005. Trois scénarii ont 6té simulés a partir
fand. Natural woody vegetation (“forest’, “wooded  qyne chajne de Markov de premier ordre basée

savanna® and “tree and shrub savanna’) wil g ges matrices de probabilité. La contribution des
seriously decrease by 2025 due {0 the eXpansion of e rione’ oractiares en vue de compenser fes

agricultural - activites  and the  increase — of pertes de végéfation naturelle a éié évaluée. Les
seftlements. Tree Pfa”fﬂ”ms are expected 1o résultats indiquent une perte importante des
double by 2025, but they will not compensate for  ysaérations naturelles boisées (“Torél”, “savane
gre loss ?ff natural _:T*D;}d}‘ UEQ?.W’_O” mﬁr_ boisée” ef “savanes arborée et arbustive”),
onsequently, we assist fo a continuing wo i : :
vegea‘ag'on }E::rea decrease. Policies n:%gamfmé principalement due a une augmentation des
forestation and forest conservation must be Sup ep'i cles_agricoles. _Les vegefqﬂons nqa‘ureﬂes
refc : boisées seront drastiguement réduites jusqu'en
initiated to reverse the currently projected 2025 au profit des exploftations agricoles ef des
tendencies. habitations. Les plantations forestiéres pourraient
doubler leur superficie en 2025 mais efles ne
pourront pas compenser les pertes de végétation
naturelle boisée. Par conséquent, on assistera a
une dégradation constante des veégetations
naturelles boisées. Des politiques de développe-
ment durable basées sur le reboisement et la
conservation des foréts doivent étre initiées en vue
d'inverser les tendances actuelles.
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Abstract

A topic of major interest in socio-ecology is the comparison of chimpanzees and bonobos’ grouping patterns. Numerous
studies have highlighted the impact of social and environmental factors on the different evolution in group cohesion seen
in these sister species. We are still lacking, however, key information about bonobo social traits across their habitat range, in
order to make accurate inter-species comparisons. In this study we investigated bonobo social cohesiveness at nesting sites
depending on fruit availability in the forest-savannah mosaic of western Democratic Republic of Congo (DRC), a bonobo
habitat which has received little attention from researchers and is characterized by high food resource variation within
years. We collected data on two bonobo communities. Nest counts at nesting sites were used as a proxy for night grouping
patterns and were analysed with regard to fruit availability. We also modelled bonobo population density at the site in order
to investigate yearly variation. We found that one community density varied across the three years of surveys, suggesting
that this bonobo community has significant variability in use of its home range. This finding highlights the impotance of
forest conmectivity, a likely prerequisite for the ability of bonobos to adapt their ranging patterns to fruit availability
changes. We found no influence of overall fruit availability on bonobo cohesiveness. Only fruit availability at the mesting
sites showed a positive influence, indicating that bonobos favour food ‘hot spots’ as sleeping sites. Our findings have
confirned the results ob@ined from previous studies carried out in the dense tropical forests of DRC. Nevertheless, in order
to clarify the impact of environmental variability on bonobo social cohesiveness, we will need to make direct obsenvations
of the apes in the forest-savannah mosaic as well as make comparisons across the entirety of the bonobos' range using
systematic methodology.
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Introduction several studies have already shown that nesting pattems could
play an important role in their social behaviour. Fruth and
Hohmann suggested that the aggregation of bonobos at nest sites
at might could facilitate information transfer on the quality of food

patches visited during the day [1], and that nests could serve as

Nest-building & an important behavioural feature shared by all
species of great apes and is considered to be a basal adaptation
underlying the aptitude of great apes for manipulating ohjects in

their environment. The deep ancestry of this trait has possible
implications for our understanding of the cognitive evohition of
early hominoids [1], as it permits higher-quality sleep by providing
thermoregulation [2,5], reduced vulnerahility to predators [2,4,5],
more camfortable sleeping postures [4,6,7], and protection against
pathogens [2,48]. The impact of environmental factors oo the
location of great ape ness has been the subject of a number of
studies [6.9-18], and nest counts are frequently used to estimoate
ape population density [19-29]. However the functionality of great
ape nesting sites o relation to the dynamics of their social
organization has been much less welldocumented [1]. Bonobo
nesting  behaviour has not been as thoroughly investigated
compared to that of chimpanzees [6,16,530,31]. Nonctheless,
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‘tabon zones' which can help bonobos avoid conflicts with group
members [32]. Variation in the size and location of nest groups
could reflect differences in social organisation and could provide us
with insight mto the speciesspecific elements of bonobo social
structure [1].

Comparizsons between the social organization of bonohos and
chimpanzees have been made usmng data from a number of
habituated populations and show that bonobes live in more
cohesive communities and with a larger relative party size (ie., the
peroentage of the total community size) [33-36]. The composition
of chimpanzee pariics changes more frequentdy than that of
bonobos. Individual chimpanzees, wsnally adult females with
infants, more often travel at a distance from the main parties,
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