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Abstract. Disturbances can have strong impacts on the dynamics and structure of tropical forests. They often lead to increased
tree mortality and affect their behaviour as carbon sinks. In the future, the intensity of disturbances, such as extreme weather
events, fires, floods, and biotic agents, will probably even increase, with more serious consequences for tropical forests than
we have already observed. However, impacts of altering disturbances on rates of forest biomass loss through tree mortality
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(hereinafter: biomass mortality) have been little described yet. This complicates progress in quantifying the effects of climate
change on forests globally.
This study aims to analyse the consequences of elevated tree mortality on forest dynamics and to provide a methodology that
can reduce uncertainties in estimating biomass mortality rates at local and country level. We achieved this by linking benefits
of individual-based forest modelling, statistical linear regression, and remote sensing. We applied an individual-based forest
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model to investigate the impact of varying disturbance regimes on the succession dynamic of a humid Terra Firma forest at
the Paracou study site in French Guiana. By simulating increased tree mortality rates, we were able to investigate their influence
on several forest attributes, namely biomass, leaf area index, forest height, gross primary production, net primary production,
and biomass mortality. Based on simulations of leaf area index and forest height, we developed a linear multivariate regression
model to project biomass mortality.
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Our findings demonstrate that severe disturbances altered the succession pattern of the forests in favour of fast-growing species,
which changed gross primary production, but net primary production remained stable. We also observed a strong influence on
biomass mortality rates as well as observed complex relationships between these rates and single forest attributes (leaf area
index, forest height, and biomass). By combining leaf area index and forest height we obtained relationships that allow an
estimation of the biomass mortality. Based on these findings, we mapped the biomass mortality for whole French Guiana. We
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found a nation-wide biomass mortality of 3 % per year (standard deviation = 1.4 % per year).
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The approach we describe here, provides a novel methodology for quantifying the spatio-temporal distribution of biomass loss,
which has recently been identified as particularly critical for monitoring mortality hotspots. Quantifying biomass mortality
rates may help reducing uncertainties in the terrestrial component of the global carbon cycle.
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1.

Introduction

Tropical forests represent an important pool in the global carbon cycle as they store about 55 % of the terrestrial carbon in
their living biomass (471 ± 93 Pg C). They assimilate about 2.8 ± 0.7 Pg C per year (Pan et al., 2011). This carbon sink
behaviour of tropical forests has considerably reduced the growth rate of atmospheric carbon dioxide (Friedlingstein et al.,
40

2019; Le Quéré et al., 2016). However, the assimilation capacity of carbon is affected by forest disturbances, which can cause
rapid, extensive carbon loss (Pugh et al., 2019; Seidl et al., 2014). Increased tree mortality due to disturbances has been related
to a reduction in the carbon sink of tropical forests (Brienen et al., 2015; Hubau et al., 2020). A number of recent studies
discuss different climate-controlled mortality drivers, such as temperature (Clark et al., 2010), vapour pressure deficit
(Trenberth et al., 2014), drought (Phillips et al., 2010), and wind throw (Marra et al., 2014). In addition, mechanical
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disturbances may also lead to tree mortality, for instance, insect calamities (Coley and Kursar, 2014), fires (Brando et al., 2014;
Slik et al., 2010), and lianas (Ingwell et al., 2010; Wright et al., 2015). An expected higher frequency and intensity of the
mortality drivers, may result in an increase in tree mortality and associated physiological mechanisms (McDowell et al., 2018).
This is a major risk to climate mitigation efforts (e.g. REDD+), because reductions in carbon assimilation rates of tropical
forests could counteract attempts to compensate for climate change by protecting tropical forest ecosystems (Gumpenberger

50

et al., 2010; Le Page et al., 2013).
Mortality is a complex process, because disturbances leading to tree mortality can be diverse. Forest disturbances may be
abrupt or continuous and have abiotic or biotic, allogenic or autogenic, as well as extrinsic or intrinsic causes (Franklin et al.,
1987; McDowell et al., 2018). Furthermore, drivers of tree mortality often occur in combination, so the primary factors of
death are not obvious (Franklin et al., 1987; McDowell et al., 2018). Tree mortality leads to temporal changes in stand structure,
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tree species composition, and releases of resources, in particular biomass (Franklin et al., 1987). Consequently, tree death
affects important forest demographic processes, e.g. tree growth and recruitment, which are influenced on the one hand by
species-specific competition strategies (Snell et al., 2014) and on the other hand by environmental and competitive factors
(e.g. light availability) (Kuptz et al., 2010; Poorter, 1999; Uriarte et al., 2004). The influence on forest demographic processes
is determined by disturbance intensity, which can range from temporary loss of vitality to mortality (Kindig and Stoddart,
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2003) of individual trees, forest stands, and entire landscapes. Finally, disturbances are heterogeneously distributed, so that
tree mortality can be scattered or clustered (Franklin et al., 1987). Often, it is difficult to quantify tree mortality and to assess
the consequences of alterations on forest dynamics and structure.
2
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An approach to analyse impacts of disturbances is offered by individual-based forest modelling (Botkin et al., 1972; Bugmann,
2001; Bugmann et al., 2019; Shugart, 2002; Shugart et al., 2015). They are parameterised with forest inventory data and allow
65

investigations of forest growth dynamics over longer periods. By simulating tree growth, regeneration, competition, and
mortality for each tree, these models can contribute in estimating biomass gain and loss (Hiltner et al., 2018). By using an
individual- and process-based approach, the spatial heterogeneity within forest stands can be well represented in such models
(Fischer et al., 2016; Hiltner et al., 2018; Rasche et al., 2011; Shugart et al., 2018). To estimate carbon budgets of forest stands
and entire landscapes, a combination of forest models and remote sensing is necessary (Rödig et al., 2017; Shugart et al.,
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2015). This combination may provide information on the spatial distribution of biomass loss due to tree mortality (hereafter:
biomass mortality).
The aim of this study is to investigate the impact of increased tree mortality on forest dynamics and to provide a framework
for estimating biomass mortality rates on local and country scales. Here, we address the following research questions in detail:
1.

75

What are the consequences of increased tree mortality on the dynamics of several forest attributes (i.e., biomass,
forest height, GPP, NPP, and LAI, biomass mortality rates) in tropical forests?

2.

How can biomass mortality rates for disturbed and undisturbed tropical forests be estimated using remote sensing
products?

We applied the forest model FORMIND (Fischer et al., 2016; Hiltner et al., 2018; Köhler and Huth, 2004) and analysed the
succession patterns of several forest attributes, including aboveground biomass (hereafter: biomass), forest height, gross
80

primary production (GPP), net primary production (NPP), leaf area index (LAI), and biomass mortality (mAGB) under different
disturbance levels at the Paracou study site in French Guiana. The studied forests are characteristic for the country (Guitet et
al., 2018), whose Terra Firma rainforests are generally dense and species rich, with 150–200 tree species per hectare (GourletFleury et al., 2004; Grau et al., 2017; Piponiot et al., 2016a). We simulated long-term forest development in a set of scenarios
with different disturbance intensities and compared the model outputs with a reference scenario reflecting natural forest
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growth. The reference scenario is based on a previous study, in which tree size distribution, functional species composition
and biomass were compared with records from forest inventories (35 a, 65 ha) (Hiltner et al., 2018). We propose that biomass
mortality is a function of competition for light, disturbance intensity, and the successional stage of the forest. For up-scaling
rates of biomass mortality from stand to landscape level, we used simulated forest height and LAI as proxies for successional
stage, disturbance intensity, and light availability. Therefore, remote sensing-derived maps of tree height (Simard et al., 2011)

90

and LAI (Myneni et al., 2015) were linked with the individual-based forest model.
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2.

95

Figure 1: Five work steps for deriving regional biomass mortality rates by linking a forest model and remote sensing. 1. Use a forest
model to reproduce the natural succession dynamics locally as a reference. 2. Run the model to simulate the forest attributes leaf
area index, forest height, and biomass mortality rate in a set of different disturbance scenarios. 3. Fit a regression model to the
results of the simulation runs. 4. Apply the regression model to each pixel of the regional maps containing the values of the two forest
attributes (here: leaf area index and forest height). 5. Derive a biomass mortality map. (Biomass mortality: rate of biomass loss due
to tree mortality, LAI: leaf area index, height: forest height)

2.1
100

Materials and Methods

Study region

The study site Paracou (location: -52.923793°, 5.274018°) is located in French Guiana, 95 % of which is covered by humid
lowland Terra Firma forests (Hammond, 2005; Stach et al., 2009). These forests are characteristic for the Guiana Shield (Grau
et al., 2017). They are generally species-rich with an average of 150–200 tree species per hectare (Gourlet-Fleury et al., 2004)
and are dense in biomass stock (Rödig et al., 2017; Saatchi et al., 2011). We assume that the Paracou forest stand analysed and
simulated by Hiltner et al. (2018) is representative for the whole region of Terra Firma forests in French Guiana.
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2.2
2.2.1

Forest model FORMIND
Model description

Our assessments were based on the Paracou version (Hiltner et al., 2018) of the forest model FORMIND v3.2 (Fischer et al.,
2016) to analyse the forest dynamics under impacts of different levels of disturbance. FORMIND is an individual-based forest
model that describes the vertical and horizontal forest structure and forest dynamics in squared patches of 400 m2. The entire
110

simulation area (here: 16 ha) consists of those patches.
Based on forest inventory data, every tree with a stem diameter at breast height (DBH) ≥ 0.1 m was simulated considering the
following main processes at annual time steps: tree growth, regeneration, mortality, and competition for light and space. The
biomass gain of a tree resulted from the difference between photosynthetic production and respiratory losses (Fischer et al.,
2016; Hiltner et al., 2018). In the model, tree mortality is a key driver of forest dynamics. Tree mortality increased, if the space
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for canopy expansion was limited depending on a tree’s position within the forest stand (self-thinning by crowding), if tree
growth was reduced (growth-dependent), and surrounding trees could die after large trees had fallen (gap formation). Finally,
each tree was subject to a basic mortality rate, which is stochastic. Here, we modified the basic mortality rate to assess different
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disturbance intensities. Possible factors altering mortality rates include environmental drivers, such as extreme climate events,
forest fires, wind-throw, and disease. Disturbance intensity was defined as a basic mortality rate of individual trees at stand
120

level with an arbitrarily distributed spatial disturbance pattern.
According to Hiltner et al. (2018), all tree species at Paracou were classified into plant function types (PFT) according to
species-specific traits, i.e. maximum increment rates of DBH and maximum tree height. We simulated PFTs grouped into three
successional types according to their light demand: light-requiring pioneer species, species with intermediate light
requirements, and shade-tolerant climax species (Hiltner et al., 2018). A detailed model description can be found in Fischer et

125

al. (2016) and Hiltner et al. (2018) and online at www.formind.org.
2.2.2

Simulation setting

In order to investigate the effects of different disturbance levels on the dynamics of various forest attributes, we developed
nine simulation scenarios with varying basic mortality (Fig. 1): One baseline scenario representing the natural forest
development at Paracou with a PFT-specific (p) basic mortality rate (mp), as well as eight scenarios differing in mp. To obtain
130

mp, the baseline's basic mortality rate per PFT (mp.bl) was multiplied by a factor (f) for each scenario (sc) so that:
𝑚𝑝,𝑠𝑐 = 𝑓 ∙ 𝑚𝑝,𝑏𝑙 ,

1

1

5

4

with 𝑓 ∈ { ,

,

1
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,

1
2

, 2, 3, 4, 5}

(1).

This resulted in different forest disturbance intensities on stand level per simulated scenario (Tab. 1). The scenario with f = 1,
represented the baseline scenario. From this scenario, simulation results of biomass and tree size distribution at equilibrium
were thoroughly compared with forest inventory data (over 35 years and 65 ha) by Hiltner et al. (2018).
135

All simulations used an annual time step that started in year 0 on bare ground and ended after 300 years. In the baseline scenario
a forest stand reached its equilibrium after 210 years.
From the model output, we analysed the development of multiple forest attributes such as aboveground biomass (AGB), LAI,
and forest height (mean height of the tallest three trees per 40 m x 40 m; Rödig et al., 2017; Simard et al., 2011), gross primary
production (GPP), net primary production (NPP), and rate of biomass loss due to tree mortality (mAGB) which we defined as
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proportion of dead biomass (AGBdead) to total AGB (AGBtotal):
−1
𝑚𝐴𝐺𝐵 = 𝐴𝐺𝐵𝑑𝑒𝑎𝑑 ∙ 𝐴𝐺𝐵𝑡𝑜𝑡𝑎𝑙

(2).

In addition, we have computed the time period until each forest attribute has reached the stable state (hereafter: equilibrium
time) as well as the mean biomass residence times (𝜏), with 𝜏 averaged over all successional stages (simulated years 0–300).
According to Carvalhais et al. (2014), 𝜏 can be defined as the ratio of biomass stock and outflux of biomass. However, biomass
145

outflux is not yet observable over large spatial scales (Thurner et al., 2016). Therefore, it was defined that biomass outflux
equals biomass influx for forests in equilibrium (Carvalhais et al., 2014). Transferred to our study, the stock corresponds to
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the total biomass (AGBtotal), influx to GPP, and outflux to dead biomass (AGBdead). Therefore, the following holds true for
forests in equilibrium:
−1
𝜏 = 𝑠𝑡𝑜𝑐𝑘 ∙ 𝑓𝑙𝑢𝑥 −1 = 𝐴𝐺𝐵𝑡𝑜𝑡𝑎𝑙 ∙ 𝐺𝑃𝑃 −1 = 𝐴𝐺𝐵𝑡𝑜𝑡𝑎𝑙 ∙ 𝐴𝐺𝐵𝑑𝑒𝑎𝑑
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(3).

To compare the approach of Carvalhais et al. (2014) with this study, 𝜏 can be calculated from equations 2 and 3 as the reciprocal
of the biomass mortality rate:
−1
𝜏 = 1 ∙ 𝑚𝐴𝐺𝐵

for mAGB > 0

(4).

Using equation 4, we calculated 𝜏 by taking forest succession into account.
Table 1: Average forest disturbance intensities per simulation scenario plus specification (see eq. 1).

Factor f
1
1/5
1/4
1/3
1/2
2
3
4
5
155

2.3

Average disturbance intensity 𝑚𝑝,𝑠𝑐 (a-1)
0.0129
0.00258
0.003225
0.0042957
0.00645
0.0258
0.0387
0.0516
0.0645

Specification
Baseline
Low impact

High impact

Estimation of biomass mortality from remote sensing data

To estimate the rate of biomass mortality, we decided to work with common forest attributes, which are available as remote
sensing products. All training data of the forest attributes LAI and forest height were obtained as model outputs of the
simulation experiments with the FORMIND forest model for the Paracou site (Fig. 1; cf. chap. 2.2). We assume that the rate
of biomass mortality depends on the successional stage of the forests and disturbance level. We tested different statistical
160

models for combinations of the proxy variables LAI and forest height. The best guess is a multivariate linear model, which
was used to describe variations in mAGB as a function of the two proxy variables.
We estimated mAGB [a-1] as follows:
𝑚𝐴𝐺𝐵 = 𝛽𝐻 ∙ 𝐻 + 𝛽𝐿 ∙ 𝐿 + 𝜀

(5),

where H is the forest height [m], L the LAI, 𝜀 the error term, and 𝛽𝑖 are the regression coefficients of the ith forest attribute.
165

The intercept was set to 0, as the biomass mortality rate is expected to be 0 when both LAI and forest height equal 0.
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2.4
2.4.1

Establishment of the biomass mortality map
Input maps

To estimate forest height, we used a global map in the geographical projection WGS-84 with approximately 1 km pixel size
(Simard et al., 2011; Fig. S3.a). To create a LAI map, we used data from the MCD15A2H Version 6 Moderate Resolution
170

Imaging Spectroradiometer (MODIS) Level 4 with a pixel size of 500 m, and averaged the LAI values between 2005-05-20
and 2005-06-23 (Myneni et al., 2015). We harmonised and stacked the two input maps by first projecting the LAI map onto
the coordinate reference system of the forest height map using the Geospatial Data Abstraction Library for French Guiana
(www.gdal.org). The resampling was conducted with the bilinear method. The spatial aggregation of the LAI map (Fig. S3.b)
was performed by calculating the mean value of pixels whose centre lay within a 1-km cell of the forest height map.
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2.4.2

Output map

The biomass mortality rates of French Guiana were estimated for each pixel by applying the multivariate linear regression
model (eq. 5 and 6) to the two input maps (Fig. 1). The biomass mortality values were then averaged over a pixel size of 2
km2. Our regression model estimated negative biomass mortality rates for a small portion of pixels, which were excluded from
the biomass mortality map. This was mainly the case for pixels without forest cover according to a land use map published by
180

Stach et al. (2009). Please refer to supplements Tab. S1 for the computer software used in this study.

3
3.1

Results
Influence of increased tree mortality on the forest succession dynamics

In order to analyse the influence of varying disturbance intensities, we simulated the succession dynamics, which was affected
by competition between individual trees (succession types; Fig. 2). Here, we show that four successional phases can be
185

differentiated based on the development of the total stand biomass (Fig. 2). After 40 years of forest succession, the stand
biomass peaked at 500 tODM ha-1. The peak in stand biomass was caused by a high GPP of the pioneer species (GPPpioneer = 83
tODM ha-1; Fig. S1.a). This defined the first phase for the years 0 to 40. After the ignition stage, the stand biomass fell slightly
until year 100 (Fig. 2) because of the rapidly declining pioneer biomass (stem exclusion phase), while the biomass of other
species increased. After 100 years, the stand biomass stabilised around 420 tODM ha-1a-1 (average over years 100–300). The
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steady state of the functional species composition was reached after 210 years (Fig. 2). In the last phase (gap dynamics), climax
species and species with intermediate light requirements fixed five times more carbon in biomass than pioneer species (GPP;
Fig. S1.a).
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Figure 2: The baseline scenario’s aboveground biomass per successional type as fraction of total biomass for Paracou’s Terra Firma
forest in French Guiana. Dashed lines separate different phases of forest succession. (AGB: aboveground biomass, ODM: organic
dry matter).

Our simulation results reveal a sensitive response of biomass mortality to increased disturbance intensities (Fig. 3.a). At higher
disturbance intensity, a higher biomass mortality with greater variance emerged. At the highest disturbance level, a peak in
200

biomass mortality rate occurred around 0.12 a-1 during the early phase of forest succession, before levelling off at a value of
0.08 a-1 in the stable state (Fig. 3.a). Due to the higher biomass mortality, the light climate in the forest stand changed (Fig.
3.c). The pioneer species were able to establish quickly in gaps. Hence, the GPP of the pioneer species was highest among all
species groups (Fig. S1.a), which also affected the productivity of the total stand (Fig. 3.d – 3.e). Please note that despite
distinctly higher GPP in the case of higher rates of biomass mortality, NPP did not change for the different scenarios (Fig. 3.f).

205

Thus, disturbance intensity had a strong influence on species composition (e.g. higher pioneer GPP; supplements Fig. S1.a),
which led to lower values of LAI, biomass and mean forest height at the ecosystem level compared to the reference (Fig. 3.a
– 3.c). In addition, from structural changes arose modified forest stand dynamics, with unique succession patterns depending
on the intensity of disturbance.
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Figure 3: Development of (a) biomass mortality rate, (b) aboveground biomass, (c) leaf area index LAI, (d) forest height, (e) gross
primary production GPP, and (f) net primary production NPP of Terra Firma forest stands for different disturbance intensities.
Grey lines indicate the entire set of disturbance scenarios under varying basic mortality rates. (Biomass mortality: rate of biomass
loss due to tree mortality, ODM: organic dry matter).

Furthermore, we analysed how disturbance intensity affects the time needed to reach the equilibrium (Fig. 4.b). GPP responded
215

particularly sensitive and inversely proportional, showing a strong decrease with rising disturbance levels. In contrast, other
forest attributes, such as biomass and NPP, had altogether shorter equilibrium times than GPP, increasing directly proportional
to the disturbance intensity.
Finally, we evaluated the effect of increasing tree mortality rates on the residence time of biomass (eq. 4) in forest stands taking
forest succession into account (Fig. 4.c). The biomass residence time τ was halved at a five-time higher disturbance intensity

220

compared to the baseline ( 𝜏(𝑓=1) = 34 a, 𝑠𝑑(𝑓=1) = 13 a; 𝜏(𝑓=5) = 14 a, 𝑠𝑑(𝑓=5) = 4 a ). Important forest properties are
profoundly affected, if the functional species-composition, tree size distribution and dynamics of forests are changed.
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Figure 4: Influence of disturbance intensity on Paracou’s Terra Firma forests on (a) the mature forests’ mean gross primary
production and mean net primary production (averages over years 250 – 300), (b) the time until forest attributes reached the
equilibrium and (c) the mean biomass residence times as reciprocal value of biomass mortality rates (cf. eq. 4; averages over years
0 – 300). Dashed lines indicate the baseline scenario. (GPP: gross primary production, NPP: net primary production, H: forest
height, LAI: leaf area index, AGB: aboveground biomass, ODM: organic dry matter).

3.2
230

Estimation of mortality rates from forest attributes

In a further analysis, we assessed how biomass mortality can be derived from different proxy variables, such as mean forest
height, biomass, and leaf area index. We tested the relationships between several single forest attributes and biomass mortality,
but did not find a simple relationship (Fig. 5). The relationships are strongly influenced by forest succession. Biomass mortality
rates showed a widely scattered range of values and thus unclear relationships to all forest attributes during the initiation stage
(Fig. 5). For instance, the LAI of less disturbed old-growth forests (i.e. LAI = 4 during gap dynamics stage) indicated similar

235

biomass mortality rates as for forests in an early stage of succession.

Figure 5: Simulated biomass mortality as a function of (a) forest height, (b) leaf area index, and (c) aboveground biomass of Terra
Firma forests in Paracou. Colours indicate the succession phases (cf. Fig. 2). (biomass: aboveground biomass, LAI: leaf area index,
biomass mortality: rate of biomass loss due to tree mortality).

240
When combined in a multivariate linear regression model, however, the training data of LAI and forest height explained the
biomass mortality rates of forests quite well (R2 = 0. 9484, RMSE = 0. 0106, p-value < 0.001; Fig. 6; Tab. 2, Fig. S2.a). The
10
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obtained residuals were normally distributed around the expected value (Ε (mAGB) = 0.0; Fig. S2.b) and, depending on the fitted
biomass mortality rates, they were homoscedastic with almost no trend (Fig. S2.c). The LAI influences negatively (𝛽2 = 245

0.0341) and thus has the highest weight, followed by positively correlated forest height (𝛽1 = 0.0045). The obtained linear
regression model for differently disturbed forests is given as follows:
𝑚𝐴𝐺𝐵 = 0.0045 ∙ 𝐻 − 0.0341 ∙ 𝐿 + 𝜀

(6).

GPP and NPP were not included in the multivariate linear model, because they did not improve the estimation of the biomass
mortality rate.

250
Figure 6: Biomass mortality (rates of biomass loss due to tree mortality) estimated from forest height and LAI (equation 6) using
the FORMIND model. The blue line indicates the mean deviation of the estimated biomass mortality rates from the simulated ones.
The grey dashed line shows the 1:1-line. For more results of the multivariate linear regression model fit see Tab. 2.

255

Table 2: Results of multivariate linear regression model fit of mean forest height and LAI. The standard error is in parenthesis
and p-value of *** < 0.001 (H: mean forest height, L: LAI, β: coefficients).

Coefficients of
explanatory variables
𝛽𝐻
𝛽𝐿
Data base:
adjusted R²
RMSE

Estimated coefficients
0.0045*** (3.8e-05)
-0.034076 *** (3.8e-04)
0.948402
0.010609
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3.3

Spatial distribution of biomass mortality

By combining simulation data with the maps of LAI and forest height from remote sensing (Myneni et al., 2015; Simard et al.,
2011), a biomass mortality map with a resolution of roughly 2 km2 was derived for French Guiana (Fig. 7). Based on this map,
260

we obtained a mean biomass mortality rate of 0.030 a-1, (standard deviation of 0.014 a-1); this corresponds to an average
biomass residence time τ of 41 years (sdτ = 19 a; cf. Fig. S4). The values of biomass mortality vary between regions with
higher rates in the southern part and lower rates in the northern part of the country. The highest biomass mortality rates can be
observed in the centre and at the south-western and eastern country borders (mAGB > 0.07). Such high values result from a
combination of tall forest height together with low LAI (Fig. S5). In the region surrounding the Paracou study site, the biomass

265

mortality rate has a value of 0.020 a-1, which corresponds well to the simulated mean biomass mortality under the baseline
scenario (mAGB,bl = 0.031; sdbl = 0.007).

270

Figure 7: (left) Map of biomass mortality distribution and (right) its histogram for forests of French Guiana at ~2 km resolution. To
estimate these rates, remote sensing was combined with a forest model that simulated the forest succession. The black square
indicates the location of the Paracou site. Leaf area index and forest height were used as proxy variables for the underlying
multivariate linear regression.
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4
4.1

Discussion
Mechanism of tropical forests in dealing with increasing intensity of tree mortality

In this study, we analysed succession dynamics in tropical forests in relation to tree mortality. It was possible to demonstrate
275

that most of the analysed forest attributes (biomass, forest height, LAI, GPP, biomass mortality) had a specific response during
succession. Moreover, we were able to show that biomass mortality rates are strongly affected by the succession dynamics, as
well as by the disturbance intensity. For each disturbance scenario, the period until the stand’s equilibrium was reached differed
in duration. Also, the mean residence time of biomass, i.e., the reciprocal value of biomass mortality (eq. 4), varied
considerably. The reasons for the unique succession patterns of each forest attribute are multiple. Succession dynamics are
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influenced by assimilation rates (e.g. photosynthesis rate, light requirement) and physiognomic characteristics (e.g. maximum
stem diameter increment rates, maximum height, and wood density), which are specific to each species group (Hiltner et al.,
2018). Functional traits are decisive in order to simulate the succession dynamics in forests, because they determine the
competitiveness of species groups (Fischer, et al., 2018; Rüger et al., 2019).
The relationship between succession and tree mortality was investigated in empirical studies to estimate the mortality in forests.
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Aubry-Kientz et al. (2013) introduced a method, which estimated the tree mortality probability of Terra Firma forests at
Paracou. Similar to our results, they found that the tree mortality probability depends on successional stages of forests as well
as functional traits of species, such as specific leaf area, wood density, stem diameter increment, and potential height.
Interestingly, we observed nearly similar NPP values for different levels of tree mortality for forests in equilibrium. Erb et al.
(2016) argued that NPP of vegetation is more or less independent from disturbance intensity, which is confirmed by our results.
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The observed stability of NPP under different disturbance regimes can be explained by shifts within the functional species
composition of the forest stands. The pioneer species, which typically have lower wood density and lower potential height
than slow-growing climax and intermediate species (Chave et al., 2009; Zanne et al., 2009) store less carbon in living biomass.
Since pioneer species grow faster, they can bind as much carbon per time as slow growing climax species. Therefore, similar
NPP values are obtained at stand level with higher disturbance intensity, although the individual trees show different growth
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behaviour.
4.2

Performance of the regression model for estimating biomass mortality

One of the main findings of this study is that the biomass mortality rates of Terra Firma forests can be estimated using simple
relationships between the forest attributes. We selected forest attributes that provide information about forest structure and
productivity, and that showed distinct succession patterns. On a tree level, Aubry-Kientz et al. (2013) used functional traits,
300

such as potential tree height and specific leaf area, to estimate the probability of tree mortality. Based on large scale remote
sensing observations tree height was identified as the strongest predictor of tree mortality, with large trees having twice the
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mortality rate of small ones, while environmental drivers controlling the intensity of the height-mortality relationship (Stovall
et al., 2019). These results suggest using forest height and LAI as proxy variables to estimate the mortality of forest stands.
Despite the simplicity of the regression model, including only two explanatory variables, its statistical performance proved to
305

be robust (cf. eq. 6; Tab. 2, supplements Fig. S2). Thus, it was possible to derive biomass mortality from LAI and forest height
for undisturbed and disturbed forests. It was important that the signs of the regression coefficients βi of our linear model
plausibly reflected the observed relationships in the field. In the regression model, forest height is directly proportional and
LAI indirectly proportional to the biomass mortality of the forest stands, e.g. tall forests with a low LAI result in higher biomass
mortality rates (cf. Fig. S5).
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Using a forest model for deriving relationships between different forest attributes has several advantages: first, the simulation
data of LAI and forest height were generated mechanistically, integrating a broad spectrum of information about forest
dynamics emerging from different physiological processes. This can lead to a lower level of noise in the simulation data
compared to observed field data. Nevertheless, forest models also include stochastic processes, e.g. for basic tree mortality
(Bugmann, 2001; Fischer et al., 2016; Shugart, 2002). By using plant functional types for the simulation of forest dynamics,
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we reduced possible uncertainty in species traits. Simplifications allow a transferability of the used regression analysis to
forests of similar succession dynamics and disturbance intensities as the simulated forests of Paracou. This also enabled the
spatial extrapolation of biomass mortality rates to Terra Firma forests of whole French Guiana. With the approach pursued
here, it is possible to derive regression models for estimating biomass mortality for other locations worldwide. It remains to
be investigated whether LAI and forest height are also suitable for other forest types as explanatory variables of biomass
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mortality rates.
4.3

Mapping of biomass mortality rates on a large scale

We combined remote sensing maps of forest height (Simard et al., 2011) and LAI (Myneni et al., 2015) with forest modelling
for deriving maps of biomass mortality rates for French Guiana. Capabilities for improved projection are indispensable in the
context of man-made climate and land use changes (IPCC, 2014, 2018). Remote sensing by airborne and satellite-based
325

instruments provides large-scale data on forests, such as forest height (Simard et al., 2011), as well as leaf area index (Myneni
et al., 2015). However, remote sensing can measure only at certain time points, hence, the successional stage of forest variables
is uncertain. Such forest dynamics can be simulated by individual- and process-based forest models. A combination of remote
sensing data and forest models therefore has the potential to improve the prediction of large-scale ecosystem dynamics
(Plummer, 2000; Shugart et al., 2015).
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Forests can be in different successional stages due to disturbance, which influences forest height and LAI (Dubayah et al.,
2010; Kim et al., 2017). In the forest height and LAI maps, disturbed regions can be detected, which have been identified as
disturbed areas in other studies (Asner and Alencar, 2010; Piponiot et al., 2016a; Stach et al., 2009). For example, in flood
plains of lakes and rivers, along the coast, near roads and settlements, or in secondary forests of French Guiana, where forest
14
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height is on average lower than in primary forests (Piponiot et al., 2016a; Stach et al., 2009; forest height map after Simard et
335

al. (2011) in Fig. S 3.a). Additionally, the crown structure of tropical forests, represented by LAI, decreases as a result of water
deficit during drought (Asner and Alencar, 2010; Pfeifer et al., 2018; LAI map after Myneni et al. (2015) in Fig. S 3.b).
4.4

Introduction of an alternative method to estimate biomass residence time

Information on the carbon balance of forests is important to quantify the biomass accumulation rates in trees. Various studies
estimated the residence time of biomass, which we defined here as the reciprocal value of biomass mortality, in forests
340

worldwide (Carvalhais et al., 2014; Erb et al., 2016; Pugh et al., 2019). Carvalhais et al. (2014) were the first who estimated
biomass residence times for forests in equilibrium from biomass and GPP (cf. eq.3: 𝜏 = 𝐴𝐺𝐵𝑡𝑜𝑡𝑎𝑙 ∙ 𝐺𝑃𝑃 −1 ). For the French
Guiana region, they estimated biomass residence times of around 20–40 years and discussed that disturbances can shorten the
biomass residence time by increasing biomass mortality rates. Our study quantifies in how far disturbances lead to a higher
biomass mortality and thus to a shorter biomass residence time.
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Erb et al. (2016) observed decreases of the biomass residence time caused by land use. They found residence times of 20–30
years for the French Guiana region, which is similar to our results (Fig. S4). Pugh et al. (2019) showed that stand-replacing
disturbances also affect the biomass residence times negatively, which means they become shorter. We found that biomass
residence time is strongly affected by succession dynamics and disturbance intensity. For French Guiana, we found a mean
biomass residence time of 41 years. We derived an alternative framework to estimate the residence time from biomass
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mortality, which allows both of them to be modelled in a simple way considering succession dynamics and disturbances. This
method can be applied to forests in equilibrium, but also to forests in earlier stages of succession, which can emerge due to
disturbances and logging.
4.5

Outlook

Our simulation results revealed complex relationships between tree mortality and biomass mortality. The growth stage of a
355

tree evidently has an effect on tree mortality, which typically results in a U-shaped relationship of tree mortality as a function
of tree size distribution in forests (Aubry-Kientz et al., 2013; Muller-Landau et al., 2006). With regard to tree age, it is more
likely that the youngest and oldest trees will die (Aubry-Kientz et al., 2013; Rüger et al., 2011), e.g. due to intense competition
for light and space between the juvenile trees in the understory and senescence of the old trees in the canopy layer. Such
mortality processes are often represented in forest models (Bugmann et al., 2019). Although empirical mortality algorithms
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describing main causes of tree mortality and their effects on entire ecosystems mechanistically (e.g. self-thinning, dying of
other trees by crushing, and growth dependent mortality) have already been developed, other causes of tree mortality with
unclear signals are often summarised as stochastic processes (Bugmann et al., 2019; Hülsmann et al., 2017, 2018). In our
study, biomass mortality at the stand level arose from different mortality processes at tree level (competition due to crowding,
dying of other trees by crushing, growth-dependency, gap formation, and basic mortality); but includes also altered tree
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mortality due to climate change effects and other external drivers. Compared to the U-shaped tree mortality distribution, the
biomass mortality rates of a forest stand depended in a more complex way from different forest attributes (e.g. LAI, forest
height).
In our study, the effects of disturbance were represented in a simplified manner by modifying the basic mortality rate. In
addition, we analysed disturbances that permanently increased the tree mortality rate in the forests. However, it is also needed
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to analyse effects of discrete or continuously changing disturbance patterns. Impacts of single discrete disturbance events (i.e.
selective logging) on the dynamics of Terra Firma forests were studied by Hiltner et al. (2018). A follow-up study is in
preparation, where repeated logging events are investigated under continuously changing air temperature and precipitation.
It was also found that temporal patterns of regeneration can change after disturbances, e.g. due to modifications in seed
mortality of specific tree species. Such changes influence competitive processes of trees within communities (Dantas de Paula
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et al., 2018). Here we did not consider the influence of disturbance on regeneration processes. This should be considered in
future studies.
With regard to up-scaling the biomass mortality rates, there are three important aspects: Firstly, it is important to verify the
quality of the forest model parameterisation with field data, like it was done by Hiltner et al. (2018), who analysed biomass
dynamics, tree size distribution, and functional species composition as well as compared model results with data from forest
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inventories of the Paracou study site. Secondly, a regression model predicting biomass mortality rates is valid only for a certain
type of forest. In up-scaling biomass mortality rates from stand level to landscape level, we assumed the pre-dominance of the
same type of forest, here the Terra Firma forests in French Guiana (Hammond, 2005). For this forest type, Stach et al. (2009)
calculated a forest cover of 95 % of the country's land area. Thirdly, site parameters across entire landscapes can be
heterogeneous, affecting forest dynamics and structure. Various studies demonstrated that natural environmental factors such
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as soil properties (Rödig et al., 2017), relief (Guitet et al., 2018), and climatic variations (Rödig et al., 2017; Wagner et al.,
2012), but also logging history (Hiltner et al., 2018; Piponiot et al., 2016b, 2019) can affect the succession dynamics of Terra
Firma forests. In further investigations, it is recommendable to implement climatic or topographic parameters in order to
further improve the approach developed here.

5
390

Conclusions

Here, we developed a framework for estimating biomass mortality in tropical forests. We analysed effects of tree mortality
under different disturbance intensities and its relation to forest productivity, and biomass based on the example of Terra Firma
forests of French Guiana. By quantifying such effects through simulation experiments, it was possible to derive a linear
relationship between biomass mortality and other forest attributes. Our approach revealed a strong influence of succession
dynamics or disturbance intensity on biomass mortality of forests.
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We combined individual-based forest modelling with remote sensing, so that an upscaling from local forest stands to an entire
landscape was enabled. The resulting map of biomass mortality rates indicates that more biomass is dying in the central,
southern and eastern regions than in the northern parts of French Guiana. The forest areas in the north and north-east are more
used for timber production, agricultural activities and housing (Bovolo et al., 2018; Stach et al., 2009), whereas the forest areas
in the south are predominantly natural rainforests (Hammond, 2005).
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The approach we developed here can be easily transferred to other forest biomes using forest models that capture biomespecific forest dynamics (e.g. for boreal and temperate forests) and available remote sensing products. Estimating the spatiotemporal distribution of forests’ biomass mortality rates has recently been identified as particularly relevant for the monitoring
of mortality hotspots (Hartmann et al., 2018). Moreover, an improved estimation of the residence times of carbon in forest
stands is possible, so that uncertainties in the global carbon cycle (Friend et al., 2014) can be reduced.

405

Competing Interest
The authors declare no conflict of interest. The funders had no role in the design of the study, in the collection, analyses, or
interpretation of data, in the writing of the manuscript, and in the decision to publish the results.

Acknowledgements
We would like to sincerely thank Dr. Nuno Carvalhais and Prof. Dr. Achim Bräuning for fruitful discussions of the simulation
410

results and the manuscript. U.H. would like to thank A. Keberer for his remarkable assistance. U.H. was funded by the German
Federal Environmental Foundation – DBU [AZ 20015/398] and the programme ‘Realization of Equal Opportunities for
Women in Research and Teaching’ – FFL of Friedrich-Alexander-University Erlangen-Nuremberg.

Author’s contributions
U.H., A.H., and R.F. conceived and designed the experiments; U.H. acquired and managed the data; U.H. performed the
415

simulations; U.H., A.H., and R.F. contributed in analysis and discussion; U.H. wrote the manuscript; U.H., A.H., and R.F.
reviewed the manuscript.

Data availability
The data and code are available on request.

17

https://doi.org/10.5194/bg-2020-264
Preprint. Discussion started: 13 August 2020
c Author(s) 2020. CC BY 4.0 License.

References
420

Asner, G. P. and Alencar, A.: Drought impacts on the Amazon forest: The remote sensing perspective, New Phytol., 187(3),
569–578, doi:10.1111/j.1469-8137.2010.03310.x, 2010.
Aubry-Kientz, M., Hérault, B., Ayotte-Trépanier, C., Baraloto, C. and Rossi, V.: Toward Trait-Based Mortality Models for
Tropical Forests, edited by F. de Bello, PLoS One, 8(5), e63678, doi:10.1371/journal.pone.0063678, 2013.

425

Botkin, D. B., Janak, J. F. and Wallis, J. R.: Some Ecological Consequences of a Computer Model of Forest Growth, J. Ecol.,
doi:10.2307/2258570, 1972.
Bovolo, C. I., Wagner, T., Parkin, G., Hein-Griggs, D., Pereira, R. and Jones, R.: The Guiana Shield rainforests-overlooked
guardians of South American climate, Environ. Res. Lett., doi:10.1088/1748-9326/aacf60, 2018.

430

435

440

Brando, P. M., Balch, J. K., Nepstad, D. C., Morton, D. C., Putz, F. E., Coe, M. T., Silvério, D., Macedo, M. N., Davidson, E.
A., Nóbrega, C. C., Alencar, A. and Soares-Filho, B. S.: Abrupt increases in Amazonian tree mortality due to drought-fire
interactions, Proc. Natl. Acad. Sci. U. S. A., 111(17), 6347–6352, doi:10.1073/pnas.1305499111, 2014.
Brienen, R. J. W., Phillips, O. L., Feldpausch, T. R., Gloor, E., Baker, T. R., Lloyd, J., Lopez-Gonzalez, G., MonteagudoMendoza, A., Malhi, Y., Lewis, S. L., Vásquez Martinez, R., Alexiades, M., Álvarez Dávila, E., Alvarez-Loayza, P., Andrade,
A., Aragão, L. E. O. C., Araujo-Murakami, A., Arets, E. J. M. M., Arroyo, L., Aymard C., G. A., Bánki, O. S., Baraloto, C.,
Barroso, J., Bonal, D., Boot, R. G. A., Camargo, J. L. C., Castilho, C. V., Chama, V., Chao, K. J., Chave, J., Comiskey, J. A.,
Cornejo Valverde, F., da Costa, L., de Oliveira, E. A., Di Fiore, A., Erwin, T. L., Fauset, S., Forsthofer, M., Galbraith, D. R.,
Grahame, E. S., Groot, N., Hérault, B., Higuchi, N., Honorio Coronado, E. N., Keeling, H., Killeen, T. J., Laurance, W. F.,
Laurance, S., Licona, J., Magnussen, W. E., Marimon, B. S., Marimon-Junior, B. H., Mendoza, C., Neill, D. A., Nogueira, E.
M., Núñez, P., Pallqui Camacho, N. C., Parada, A., Pardo-Molina, G., Peacock, J., Peña-Claros, M., Pickavance, G. C., Pitman,
N. C. A., Poorter, L., Prieto, A., Quesada, C. A., Ramírez, F., Ramírez-Angulo, H., Restrepo, Z., Roopsind, A., Rudas, A.,
Salomão, R. P., Schwarz, M., Silva, N., Silva-Espejo, J. E., Silveira, M., Stropp, J., Talbot, J., ter Steege, H., Teran-Aguilar,
J., Terborgh, J., Thomas-Caesar, R., Toledo, M., Torello-Raventos, M., Umetsu, R. K., van der Heijden, G. M. F., van der
Hout, P., Guimarães Vieira, I. C., Vieira, S. A., Vilanova, E., Vos, V. A. and Zagt, R. J.: Long-term decline of the Amazon
carbon sink, Nature, 519(7543), 344–348, doi:10.1038/nature14283, 2015.
Bugmann, H.: A Review of forest gap models, Clim. Change, 51(3/4), 259–305, doi:10.1023/A:1012525626267, 2001.

445

Bugmann, H., Seidl, R., Hartig, F., Bohn, F., Brůna, J., Cailleret, M., François, L., Heinke, J., Henrot, A. J., Hickler, T.,
Hülsmann, L., Huth, A., Jacquemin, I., Kollas, C., Lasch-Born, P., Lexer, M. J., Merganič, J., Merganičová, K., Mette, T.,
Miranda, B. R., Nadal-Sala, D., Rammer, W., Rammig, A., Reineking, B., Roedig, E., Sabaté, S., Steinkamp, J., Suckow, F.,
Vacchiano, G., Wild, J., Xu, C. and Reyer, C. P. O.: Tree mortality submodels drive simulated long-term forest dynamics:
assessing 15 models from the stand to global scale, Ecosphere, 10(2), doi:10.1002/ecs2.2616, 2019.

450

Carvalhais, N., Forkel, M., Khomik, M., Bellarby, J., Jung, M., Migliavacca, M., Μu, M., Saatchi, S., Santoro, M., Thurner,
M., Weber, U., Ahrens, B., Beer, C., Cescatti, A., Randerson, J. T. and Reichstein, M.: Global covariation of carbon turnover
times with climate in terrestrial ecosystems, Nature, 514(7521), 213–217, doi:10.1038/nature13731, 2014.
Chave, J., Coomes, D., Jansen, S., Lewis, S. L., Swenson, N. G. and Zanne, A. E.: Towards a worldwide wood economics
spectrum, Ecol. Lett., 12(4), 351–366, doi:10.1111/j.1461-0248.2009.01285.x, 2009.

455

Clark, D. B., Clark, D. A. and Oberbauer, S. F.: Annual wood production in a tropical rain forest in NE Costa Rica linked to
climatic variation but not to increasing CO2, Glob. Chang. Biol., 16(2), 747–759, doi:10.1111/j.1365-2486.2009.02004.x,
2010.
Coley, P. D. and Kursar, T. A.: On tropical forests and their pests, Science (80-. )., 343(6166), 35–36,
doi:10.1126/science.1248110, 2014.

460

Dantas de Paula, M., Groeneveld, J., Fischer, R., Taubert, F., Martins, V. F. and Huth, A.: Defaunation impacts on seed survival
and its effect on the biomass of future tropical forests, Oikos, 127(10), 1526–1538, doi:10.1111/oik.05084, 2018.
18

https://doi.org/10.5194/bg-2020-264
Preprint. Discussion started: 13 August 2020
c Author(s) 2020. CC BY 4.0 License.

Dubayah, R. O., Sheldon, S. L., Clark, D. B., Hofton, M. A., Blair, J. B., Hurtt, G. C. and Chazdon, R. L.: Estimation of
tropical forest height and biomass dynamics using lidar remote sensing at la Selva, Costa Rica, J. Geophys. Res.
Biogeosciences, 115(2), n/a-n/a, doi:10.1029/2009JG000933, 2010.
465

Erb, K.-H., Fetzel, T., Plutzar, C., Kastner, T., Lauk, C., Mayer, A., Niedertscheider, M., Körner, C. and Haberl, H.: Biomass
turnover time in terrestrial ecosystems halved by land use, Nat. Geosci., 9(9), 674–678, doi:10.1038/ngeo2782, 2016.
Fischer, R.; Rödig, E.; Huth, A.: Consequences of a Reduced Number of Plant Functional Types for the Simulation of Forest
Productivity, Forests, 460, doi:10.3390/f9080460, 2018.

470

Fischer, R., Bohn, F., Dantas de Paula, M., Dislich, C., Groeneveld, J., Gutiérrez, A. G., Kazmierczak, M., Knapp, N.,
Lehmann, S., Paulick, S., Pütz, S., Rödig, E., Taubert, F., Köhler, P. and Huth, A.: Lessons learned from applying a forest gap
model to understand ecosystem and carbon dynamics of complex tropical forests, Ecol. Modell., 326, 124–133,
doi:10.1016/j.ecolmodel.2015.11.018, 2016.
Franklin, J. F., Shugart, H. H. and Harmon, M. E.: Tree Death as an Ecological Process, Bioscience, doi:10.2307/1310665,
1987.

475

480

Friedlingstein, P., Jones, M. W., O’Sullivan, M., Andrew, R. M., Hauck, J., Peters, G. P., Peters, W., Pongratz, J., Sitch, S.,
Le Quéré, C., DBakker, O. C. E., Canadell1, J. G., Ciais1, P., Jackson, R. B., Anthoni1, P., Barbero, L., Bastos, A., Bastrikov,
V., Becker, M., Bopp, L., Buitenhuis, E., Chandra, N., Chevallier, F., Chini, L. P., Currie, K. I., Feely, R. A., Gehlen, M.,
Gilfillan, D., Gkritzalis, T., Goll, D. S., Gruber, N., Gutekunst, S., Harris, I., Haverd, V., Houghton, R. A., Hurtt, G., Ilyina,
T., Jain, A. K., Joetzjer, E., Kaplan, J. O., Kato, E., Goldewijk, K. K., Korsbakken, J. I., Landschützer, P., Lauvset, S. K.,
Lefèvre, N., Lenton, A., Lienert, S., Lombardozzi, D., Marland, G., McGuire, P. C., Melton, J. R., Metzl, N., Munro, D. R.,
Nabel, J. E. M. S., Nakaoka, S. I., Neill, C., Omar, A. M., Ono, T., Peregon, A., Pierrot, D., Poulter, B., Rehder, G., Resplandy,
L., Robertson, E., Rödenbeck, C., Séférian, R., Schwinger, J., Smith, N., Tans, P. P., Tian, H., Tilbrook, B., Tubiello, F. N.,
Van Der Werf, G. R., Wiltshire, A. J. and Zaehle, S.: Global carbon budget 2019, Earth Syst. Sci. Data, 11(4), 1783–1838,
doi:10.5194/essd-11-1783-2019, 2019.

485

Friend, A. D., Lucht, W., Rademacher, T. T., Keribin, R., Betts, R., Cadule, P., Ciais, P., Clark, D. B., Dankers, R., Falloon,
P. D., Ito, A., Kahana, R., Kleidon, A., Lomas, M. R., Nishina, K., Ostberg, S., Pavlick, R., Peylin, P., Schaphoff, S., Vuichard,
N., Warszawski, L., Wiltshire, A. and Woodward, F. I.: Carbon residence time dominates uncertainty in terrestrial vegetation
responses to future climate and atmospheric CO2, Proc. Natl. Acad. Sci. U. S. A., 111(9), 3280–3285,
doi:10.1073/pnas.1222477110, 2014.

490

Gourlet-Fleury, S., Ferry, B., Molino, J.-F., Petronelli, P. and Schmitt, L.: Paracou expérimental plots: key features, in Ecology
and management of a neotropical rainforest : lessons drawn from Paracou, a long-term experimental research site in French
Guiana, pp. 3–60., 2004.

495

Grau, O., Peñuelas, J., Ferry, B., Freycon, V., Blanc, L., Desprez, M., Baraloto, C., Chave, J., Descroix, L., Dourdain, A.,
Guitet, S., Janssens, I. A., Sardans, J. and Hérault, B.: Nutrient-cycling mechanisms other than the direct absorption from soil
may control forest structure and dynamics in poor Amazonian soils, Sci. Rep., 7(1), 45017, doi:10.1038/srep45017, 2017.
Guitet, S., Sabatier, D., Brunaux, O., Couteron, P., Denis, T., Freycon, V., Gonzalez, S., Hérault, B., Jaouen, G., Molino, J.F., Pélissier, R., Richard-Hansen, C. and Vincent, G.: Disturbance Regimes Drive The Diversity of Regional Floristic Pools
Across Guianan Rainforest Landscapes, Sci. Rep., 8(1), 3872, doi:10.1038/s41598-018-22209-9, 2018.

500

Gumpenberger, M., Vohland, K., Heyder, U., Poulter, B., MacEy, K., Rammig, A., Popp, A. and Cramer, W.: Predicting pantropical climate change induced forest stock gains and losses - Implications for REDD, Environ. Res. Lett., 5(1),
doi:10.1088/1748-9326/5/1/014013, 2010.
Hammond, D. S.: Tropical forests of the Guiana Shield: Ancient forests of the modern world, CABI Publishing., 2005.

505

Hartmann, H., Schuldt, B., Sanders, T. G. M., Macinnis-Ng, C., Boehmer, H. J., Allen, C. D., Bolte, A., Crowther, T. W.,
Hansen, M. C., Medlyn, B. E., Ruehr, N. K. and Anderegg, W. R. L.: Monitoring global tree mortality patterns and trends.
Report from the VW symposium ‘Crossing scales and disciplines to identify global trends of tree mortality as indicators of
19

https://doi.org/10.5194/bg-2020-264
Preprint. Discussion started: 13 August 2020
c Author(s) 2020. CC BY 4.0 License.

forest health,’ New Phytol., 217(3), 984–987, doi:10.1111/nph.14988, 2018.
Hiltner, U., Bräuning, A., Huth, A., Fischer, R. and Hérault, B.: Simulation of succession in a neotropical forest: High selective
logging intensities prolong the recovery times of ecosystem functions, For. Ecol. Manage. [online] Available from:
https://www.sciencedirect.com/science/article/pii/S0378112718311964, 2018.
510

515

520

Hubau, W., Lewis, S. L., Phillips, O. L., Affum-Baffoe, K., Beeckman, H., Cuní-Sanchez, A., Daniels, A. K., Ewango, C. E.
N., Fauset, S., Mukinzi, J. M., Sheil, D., Sonké, B., Sullivan, M. J. P., Sunderland, T. C. H., Taedoumg, H., Thomas, S. C.,
White, L. J. T., Abernethy, K. A., Adu-Bredu, S., Amani, C. A., Baker, T. R., Banin, L. F., Baya, F., Begne, S. K., Bennett,
A. C., Benedet, F., Bitariho, R., Bocko, Y. E., Boeckx, P., Boundja, P., Brienen, R. J. W., Brncic, T., Chezeaux, E., Chuyong,
G. B., Clark, C. J., Collins, M., Comiskey, J. A., Coomes, D. A., Dargie, G. C., de Haulleville, T., Kamdem, M. N. D., Doucet,
J. L., Esquivel-Muelbert, A., Feldpausch, T. R., Fofanah, A., Foli, E. G., Gilpin, M., Gloor, E., Gonmadje, C., Gourlet-Fleury,
S., Hall, J. S., Hamilton, A. C., Harris, D. J., Hart, T. B., Hockemba, M. B. N., Hladik, A., Ifo, S. A., Jeffery, K. J., Jucker, T.,
Yakusu, E. K., Kearsley, E., Kenfack, D., Koch, A., Leal, M. E., Levesley, A., Lindsell, J. A., Lisingo, J., Lopez-Gonzalez,
G., Lovett, J. C., Makana, J. R., Malhi, Y., Marshall, A. R., Martin, J., Martin, E. H., Mbayu, F. M., Medjibe, V. P., Mihindou,
V., Mitchard, E. T. A., Moore, S., Munishi, P. K. T., Bengone, N. N., Ojo, L., Ondo, F. E., Peh, K. S. H., Pickavance, G. C.,
Poulsen, A. D., Poulsen, J. R., Qie, L., Reitsma, J., Rovero, F., Swaine, M. D., Talbot, J., Taplin, J., Taylor, D. M., Thomas,
D. W., Toirambe, B., Mukendi, J. T., Tuagben, D., Umunay, P. M., et al.: Asynchronous carbon sink saturation in African and
Amazonian tropical forests, Nature, 579(7797), 80–87, doi:10.1038/s41586-020-2035-0, 2020.
Hülsmann, L., Bugmann, H. and Brang, P.: How to predict tree death from inventory data — lessons from a systematic
assessment of European tree mortality models, Can. J. For. Res., 47(7), 890–900, doi:10.1139/cjfr-2016-0224, 2017.

525

Hülsmann, L., Bugmann, H., Cailleret, M. and Brang, P.: How to kill a tree: Empirical mortality models for 18 species and
their performance in a dynamic forest model, Ecol. Appl., 28(2), 522–540, doi:10.1002/eap.1668, 2018.
Ingwell, L. L., Joseph Wright, S., Becklund, K. K., Hubbell, S. P. and Schnitzer, S. A.: The impact of lianas on 10 years of
tree growth and mortality on Barro Colorado Island, Panama, J. Ecol., 98(4), 879–887, doi:10.1111/j.1365-2745.2010.01676.x,
2010.

530

IPCC: Climate Change 2014: Impacts, Adaptation, and Vulnerability. Part A: Global and Sectoral Aspects. Contribution of
Working Group II to the Fifth Assessment Report of the Intergovernmental Panel on Climate Change., edited by and L. L. W.
Field, C.B., V.R. Barros, D.J. Dokken, K.J. Mach, M.D. Mastrandrea, T.E. Bilir, M. Chatterjee, K.L. Ebi, Y.O. Estrada, R.C.
Genova, B. Girma, E.S. Kissel, A.N. Levy, S. MacCracken, P.R. Mastrandrea, Cambridge University Press, Cambridge, United
Kingdom; New York, NY, USA. [online] Available from: http://ipcc-wg2.gov/AR5/report/full-report/, 2014.

535

IPCC: Global Warming of 1.5°C. [online] Available from: www.ipcc.ch, 2018.
Kim, K., Wang, M. cheng, Ranjitkar, S., Liu, S. hong, Xu, J. chu and Zomer, R. J.: Using leaf area index (LAI) to assess
vegetation response to drought in Yunnan province of China, J. Mt. Sci., 14(9), 1863–1872, doi:10.1007/s11629-016-3971-x,
2017.

540

Kindig, D. A. and Stoddart, G.: What is population health?, Am. J. Public Health, 93(3), 380–383, doi:10.2105/AJPH.93.3.380,
2003.
Köhler, P. and Huth, A.: Simulating growth dynamics in a South-East Asian rainforest threatened by recruitment shortage and
tree harvesting, Clim. Change, 67(1), 95–117, doi:10.1007/s10584-004-0713-9, 2004.
Kuptz, D., Grams, T. E. E. and Günter, S.: Light acclimation of four native tree species in felling gaps within a tropical
mountain rainforest, Trees, 24(1), 117–127, doi:10.1007/s00468-009-0385-1, 2010.

545

Marra, D. M., Chambers, J. Q., Higuchi, N., Trumbore, S. E., Ribeiro, G. H. P. M., Dos Santos, J., Negrón-Juárez, R. I., Reu,
B. and Wirth, C.: Large-scale wind disturbances promote tree diversity in a Central Amazon forest, PLoS One, 9(8),
doi:10.1371/journal.pone.0103711, 2014.
McDowell, N., Allen, C. D., Anderson-Teixeira, K., Brando, P., Brienen, R., Chambers, J., Christoffersen, B., Davies, S.,
Doughty, C., Duque, A., Espirito-Santo, F., Fisher, R., Fontes, C. G., Galbraith, D., Goodsman, D., Grossiord, C., Hartmann,
20

https://doi.org/10.5194/bg-2020-264
Preprint. Discussion started: 13 August 2020
c Author(s) 2020. CC BY 4.0 License.

550

555

560

H., Holm, J., Johnson, D. J., Kassim, A. R., Keller, M., Koven, C., Kueppers, L., Kumagai, T., Malhi, Y., McMahon, S. M.,
Mencuccini, M., Meir, P., Moorcroft, P., Muller-Landau, H. C., Phillips, O. L., Powell, T., Sierra, C. A., Sperry, J., Warren,
J., Xu, C. and Xu, X.: Drivers and mechanisms of tree mortality in moist tropical forests, New Phytol., 219(3), 851–869,
doi:10.1111/nph.15027, 2018.
Muller-Landau, H. C., Condit, R. S., Chave, J., Thomas, S. C., Bohlman, S. A., Bunyavejchewin, S., Davies, S., Foster, R.,
Gunatilleke, S., Gunatilleke, N., Harms, K. E., Hart, T., Hubbell, S. P., Itoh, A., Kassim, A. R., LaFrankie, J. V., Lee, H. S.,
Losos, E., Makana, J. R., Ohkubo, T., Sukumar, R., Sun, I. F., Nur Supardi, M. N., Tan, S., Thompson, J., Valencia, R., Muñoz,
G. V., Wills, C., Yamakura, T., Chuyong, G., Dattaraja, H. S., Esufali, S., Hall, P., Hernandez, C., Kenfack, D., Kiratiprayoon,
S., Suresh, H. S., Thomas, D., Vallejo, M. I. and Ashton, P.: Testing metabolic ecology theory for allometric scaling of tree
size, growth and mortality in tropical forests, Ecol. Lett., 9(5), 575–588, doi:10.1111/j.1461-0248.2006.00904.x, 2006.
Myneni, R., Knyazikhin, Y. and Park, T.: MODIS/Terra+Aqua Leaf Area Index/FPAR 8-day L4 Global 500m SIN Grid V006,
NASA EOSDIS L. Process. DAAC, doi:doi.org/10.5067/MODIS/MCD15A2H.006, 2015.
Le Page, Y., Hurtt, G., Thomson, A. M., Bond-Lamberty, B., Patel, P., Wise, M., Calvin, K., Kyle, P., Clarke, L., Edmonds,
J. and Janetos, A.: Sensitivity of climate mitigation strategies to natural disturbances, Environ. Res. Lett., 8(1),
doi:10.1088/1748-9326/8/1/015018, 2013.

565

570

575

580

585

590

Pan, Y., Birdsey, R. A., Fang, J., Houghton, R., Kauppi, P. E., Kurz, W. A., Phillips, O. L., Shvidenko, A., Lewis, S. L.,
Canadell, J. G., Ciais, P., Jackson, R. B., Pacala, S. W., McGuire, A. D., Piao, S., Rautiainen, A., Sitch, S. and Hayes, D.: A
Large and Persistent Carbon Sink in the World’s Forests, Science (80-. )., 333(6045), 988–993, doi:10.1126/science.1201609,
2011.
Pfeifer, M., Gonsamo, A., Woodgate, W., Cayuela, L., Marshall, A. R., Ledo, A., Paine, T. C. E., Marchant, R., Burt, A.,
Calders, K., Courtney-Mustaphi, C., Cuni-Sanchez, A., Deere, N. J., Denu, D., de Tanago, J. G., Hayward, R., Lau, A., Macía,
M. J., Olivier, P. I., Pellikka, P., Seki, H., Shirima, D., Trevithick, R., Wedeux, B., Wheeler, C., Munishi, P. K. T., Martin, T.,
Mustari, A. and Platts, P. J.: Tropical forest canopies and their relationships with climate and disturbance: results from a global
dataset of consistent field-based measurements, For. Ecosyst., 5(1), 7, doi:10.1186/s40663-017-0118-7, 2018.
Phillips, O. L., Heijden, G. Van Der, Lewis, S. L., Lo, G., Lloyd, J., Malhi, Y., Monteagudo, A., Almeida, S., Da, E. A.,
Andelman, S., Andrade, A., Arroyo, L., Aymard, G., Baker, T. R., Costa, L., Feldpausch, T. R., Fisher, J. B., Fyllas, N. M.,
Freitas, M. A., Jime, E., Keeling, H., Tim, J., Gloor, E., Higuchi, N., Lovett, J. C., Meir, P., Mendoza, C., Morel, A., Nu, P.,
Prieto, A., Quesada, C. A., Peh, K. S., Pen, A., Schwarz, M., Silva, J., Silveira, M., Slik, J. W. F., Sonké, B., Sota Thomas, A.,
Stropp, J., Taplin, J. R., Vasquez, R. and Vilanova, E.: Drought–mortality relationships for tropical forests Oliver, New Phytol.,
187, 631–646, 2010.
Piponiot, C., Cabon, A., Descroix, L., Dourdain, A., Mazzei, L., Ouliac, B., Rutishauser, E., Sist, P. and Hérault, B.: A
methodological framework to assess the carbon balance of tropical managed forests, Carbon Balance Manag., 11(1), 15,
doi:10.1186/s13021-016-0056-7, 2016a.
Piponiot, C., Sist, P., Mazzei, L., Peña-Claros, M., Putz, F. E., Rutishauser, E., Shenkin, A., Ascarrunz, N., de Azevedo, C. P.,
Baraloto, C., França, M., Guedes, M., Coronado, E. N. H., d’Oliveira, M. V. N., Ruschel, A. R., da Silva, K. E., Sotta, E. D.,
de Souza, C. R., Vidal, E., West, T. A. P. and Hérault, B.: Carbon recovery dynamics following disturbance by selective
logging in amazonian forests, Elife, 5(DECEMBER2016), doi:10.7554/eLife.21394, 2016b.
Piponiot, C., Rödig, E., Putz, F. E., Rutishauser, E., Sist, P., Ascarrunz, N., Blanc, L., Derroire, G., Descroix, L., Guedes, M.
C., Coronado, E. H., Huth, A., Kanashiro, M., Licona, J. C., Mazzei, L., D’Oliveira, M. V. N., Peña-Claros, M., Rodney, K.,
Shenkin, A., de Souza, C. R., Vidal, E., West, T. A. P., Wortel, V. and Hérault, B.: Can timber provision from Amazonian
production forests be sustainable?, Environ. Res. Lett., 14(6), 064014, doi:10.1088/1748-9326/ab195e, 2019.
Plummer, S. E.: Perspectives on combining ecological process models and remotely sensed data, Ecol. Modell., 129(2–3),
169–186, doi:10.1016/S0304-3800(00)00233-7, 2000.
Poorter, L.: Growth responses of 15 rain-forest tree species to a light gradient: The relative importance of morphological and
physiological traits, Funct. Ecol., 13(3), 396–410, doi:10.1046/j.1365-2435.1999.00332.x, 1999.
21

https://doi.org/10.5194/bg-2020-264
Preprint. Discussion started: 13 August 2020
c Author(s) 2020. CC BY 4.0 License.

595

600

605

Pugh, T. A. M., Arneth, A., Kautz, M., Poulter, B. and Smith, B.: Important role of forest disturbances in the global biomass
turnover and carbon sinks, Nat. Geosci., 12(9), 730–735, doi:10.1038/s41561-019-0427-2, 2019.
Le Quéré, C., Andrew, R. M., Canadell, J. G., Sitch, S., Korsbakken, J. I., Peters, G. P., Manning, A. C., Boden, T. A., Tans,
P. P., Houghton, R. A., Keeling, R. F., Alin, S., Andrews, O. D., Anthoni, P., Barbero, L., Bopp, L., Chevallier, F., Chini, L.
P., Ciais, P., Currie, K., Delire, C., Doney, S. C., Friedlingstein, P., Gkritzalis, T., Harris, I., Hauck, J., Haverd, V., Hoppema,
M., Klein Goldewijk, K., Jain, A. K., Kato, E., Körtzinger, A., Landschützer, P., Lefèvre, N., Lenton, A., Lienert, S.,
Lombardozzi, D., Melton, J. R., Metzl, N., Millero, F., Monteiro, P. M. S., Munro, D. R., Nabel, J. E. M. S., Nakaoka, S.,
O&amp;apos;Brien, K., Olsen, A., Omar, A. M., Ono, T., Pierrot, D., Poulter, B., Rödenbeck, C., Salisbury, J., Schuster, U.,
Schwinger, J., Séférian, R., Skjelvan, I., Stocker, B. D., Sutton, A. J., Takahashi, T., Tian, H., Tilbrook, B., van der LaanLuijkx, I. T., van der Werf, G. R., Viovy, N., Walker, A. P., Wiltshire, A. J. and Zaehle, S.: Global Carbon Budget 2016, Earth
Syst. Sci. Data Discuss., 8, 605–649, doi:10.5194/essd-2016-51, 2016.
Rasche, L., Fahse, L., Zingg, A. and Bugmann, H.: Getting a virtual forester fit for the challenge of climatic change, J. Appl.
Ecol., 48(5), 1174–1186, doi:10.1111/j.1365-2664.2011.02014.x, 2011.

610

Rödig, E., Cuntz, M., Heinke, J., Rammig, A. and Huth, A.: Spatial heterogeneity of biomass and forest structure of the
Amazon rain forest: Linking remote sensing, forest modelling and field inventory, Glob. Ecol. Biogeogr., 26(11), 1292–1302,
doi:10.1111/geb.12639, 2017.
Rüger, N., Huth, A., Hubbell, S. P. and Condit, R.: Determinants of mortality across a tropical lowland rainforest community,
Oikos, 120(7), 1047–1056, doi:10.1111/j.1600-0706.2010.19021.x, 2011.
Rüger, N., Condit, R., Dent, D. H., DeWalt, S. J., Hubbell, S. P., Lichstein, J. W., Lopez, O. R., Wirth, C. and Farrior, C. E.:
Demographic tradeoffs predict tropical forest dynamics, bioRxiv, 168(April), 808865, doi:10.1101/808865, 2019.

615

Saatchi, S. S., Harris, N. L., Brown, S., Lefsky, M., Mitchard, E. T. A., Salas, W., Zutta, B. R., Buermann, W., Lewis, S. L.,
Hagen, S., Petrova, S., White, L., Silman, M. and Morel, A.: Benchmark map of forest carbon stocks in tropical regions across
three continents, Proc. Natl. Acad. Sci., 108(24), 9899–9904, doi:10.1073/pnas.1019576108, 2011.
Seidl, R., Schelhaas, M. J., Rammer, W. and Verkerk, P. J.: Increasing forest disturbances in Europe and their impact on carbon
storage, Nat. Clim. Chang., 4(9), 806–810, doi:10.1038/nclimate2318, 2014.

620

Shugart, H. H.: Forest Gap Models, Earth Syst. Biol. Ecol. Dimens. Glob. Environ. Chang., 2002.
Shugart, H. H., Asner, G. P., Fischer, R., Huth, A., Knapp, N., Le Toan, T. and Shuman, J. K.: Computer and remote-sensing
infrastructure to enhance large-scale testing of individual-based forest models, Front. Ecol. Environ., doi:10.1890/140327,
2015.

625

Shugart, H. H., Wang, B., Fischer, R., Ma, J., Fang, J. and Yan, X.: Gap models and their individual-based relatives in the
assessment of the consequences of global change, , doi:10.1088/1748-9326/aaaacc, 2018.
Simard, M., Pinto, N., Fisher, J. B. and Baccini, A.: Mapping forest canopy height globally with spaceborne lidar, J. Geophys.
Res., 116(G4), G04021, doi:10.1029/2011JG001708, 2011.
Slik, J. W. F., Breman, F. C., Bernard, C., van Beek, M., Cannon, C. H., Eichhorn, K. A. O. and Sidiyasa, K.: Fire as a selective
force in a Bornean tropical everwet forest, Oecologia, 164(3), 841–849, doi:10.1007/s00442-010-1764-4, 2010.

630

635

Snell, R. S., Huth, A., Nabel, J. E. M. S., Bocedi, G., Travis, J. M. J., Gravel, D., Bugmann, H., Gutiérrez, A. G., Hickler, T.,
Higgins, S. I., Reineking, B., Scherstjanoi, M., Zurbriggen, N. and Lischke, H.: Using dynamic vegetation models to simulate
plant range shifts, Ecography (Cop.)., 37(12), 1184–1197, doi:10.1111/ecog.00580, 2014.
Stach, N., Salvado, A., Petit, M., Faure, J. F., Durieux, L., Corbane, C., Joubert, P., Lasselin, D. and Deshayes, M.: Land use
monitoring by remote sensing in tropical forest areas in support of the Kyoto Protocol: the case of French Guiana, Int. J.
Remote Sens., 30(19), 5133–5149, doi:10.1080/01431160903022969, 2009.
Stovall, A. E. L., Shugart, H. and Yang, X.: Tree height explains mortality risk during an intense drought, Nat. Commun.,
10(1), 4385, doi:10.1038/s41467-019-12380-6, 2019.
22

https://doi.org/10.5194/bg-2020-264
Preprint. Discussion started: 13 August 2020
c Author(s) 2020. CC BY 4.0 License.

640

Thurner, M., Beer, C., Carvalhais, N., Forkel, M., Santoro, M., Tum, M. and Schmullius, C.: Large-scale variation in boreal
and temperate forest carbon turnover rate related to climate, Geophys. Res. Lett., 43(9), 4576–4585,
doi:10.1002/2016GL068794, 2016.
Trenberth, K. E., Dai, A., Van Der Schrier, G., Jones, P. D., Barichivich, J., Briffa, K. R. and Sheffield, J.: Global warming
and changes in drought, Nat. Clim. Chang., 4(1), 17–22, doi:10.1038/nclimate2067, 2014.
Uriarte, M., Canham, C. D., Thompson, J. and Zimmerman, J. K.: A neighborhood analysis of tree growth and survival in a
hurricane-driven tropical forest, Ecol. Monogr., 74(4), 591–614, doi:10.1890/03-4031, 2004.

645

Wagner, F., Rossi, V., Stahl, C., Bonal, D. and Hérault, B.: Water availability is the main climate driver of neotropical tree
growth, PLoS One, 7(4), 1–11, doi:10.1371/journal.pone.0034074, 2012.
Wright, S. J., Sun, I. F., Pickering, M., Fletcher, C. D. and Chen, Y. Y.: Long-term changes in liana loads and tree dynamics
in a Malaysian forest, Ecology, 96(10), 2748–2757, doi:10.1890/14-1985.1, 2015.

650

Zanne, A. E., Lopez-Gonzalez, G., Coomes, D. A. A., Ilic, J., Jansen, S., Lewis, S. L. S. L., Miller, R. B. B., Swenson, N. G.
G., Wiemann, M. C. C. and Chave, J.: Data from: Towards a worldwide wood economics spectrum. Dryad Digital Repository.,
2009.

23

