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ABSTRACT

Global forests cover approximately 30% of land’s surface storing around 45% of aboveground terrestrial carbon. This carbon storage is constantly endangered by anthropogenic activities. Especially, tropical regions like the Amazon rainforest suffer from
deforestation taking a great share in global CO2 emissions. In addition, forest dynamics are affected by climatic change like more frequent drought events. Quantifying the
impact and feedback mechanisms of such climatic and anthropogenic changes on the
global carbon cycle is still a great challenge.
In this thesis, we developed a regionalization scheme to apply a forest gap model on
the entire Amazon rainforest. Such a forest model has the advantage that it calculates
forest growth at the individual tree level. It considers different successional states, that
evolve form natural forest dynamics and disturbances, including information on tree
height and species. The regionalized forest model thereby allows for integrating forest
structure and species compositions into large-scale carbon analyses. The approach is
independent of spatial scale and the simulation results can be linked to measurements
from field inventory, eddy covariance, and remote sensing at local to continental scales.
In a first study (chapter 2), we tested the capability of the forest model FORMIND to simulate gross primary production (GPP), respiration, and net ecosystem exchange (NEE) at
daily and yearly time scales. The forest model was applied to spruce forests in Germany
in order to analyze how the variability in environmental factors affects simulated carbon
fluxes.
Simulation results were compared to 6 years of eddy covariance (EC) data at a daily
scale. The analysis shows that the forest model described the seasonal cycle of the carbon fluxes correctly, but estimated GPP differed from the observed data on days with
extreme climatic conditions. Based on these findings, we developed two new parameterizations. One resulted from a numerical calibration against EC data. The other parameterization resulted from a method where EC data is filtered to extract the limiting factors
for productivity. Thereby, new parameter values and even a new function for the temperature limitation of photosynthesis were found. The adopted forest model was then
tested successfully at another spruce forest for cross validation.
In general, the forest model reproduced the observed carbon fluxes of a forest ecosystem quite well. Although the overall performance of the calibrated model version was
best, the filtering approach showed that calibrated parameter values did not necessarily
correctly display the individual functional relations. The study has shown that the con-
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cept of simulating forest dynamics at the individual tree level is a valuable approach for
simulating the NEE, GPP, and respiration of forest ecosystems.
The focus of the second study (chapter 3) lied on the simulation of forest structure
and above-ground biomass in the Amazon region with the forest model FORMIND.
Estimating the spatial variation of biomass in the Amazon rainforest is challenging and,
hence, a source of substantial uncertainty in the assessment of the global carbon cycle.
On the one hand, estimates need to consider small-scale variations of forest structures
due to natural tree mortality. On the other hand, it requires large-scale information on
the state of the forest that can be detected by remote sensing. We, here, introduced a
novel method that considered both aspects by linking the forest model and a wall-to-wall
canopy height map derived from LIDAR remote sensing.
The forest model was applied to estimate above-ground biomass stocks across the
Amazon rainforest. This allowed for the direct comparison of simulated and observed
canopy heights from remote sensing. The comparison enabled the detection of disturbed
forest states from which we derived a biomass map of the Amazon rainforest at 0.16 ha
resolution.
Simulated biomass varied between 20 and 490 t (dry mass) ha−1 across 7.8 Mio km2 of
the Amazon rainforest (elevation < 1000 m). That equals a total above-ground biomass
stock of 76 GtC with a strong spatial variation (coefficient of variation = 63%). The
estimated biomass values fit estimates, that had been observed in 114 field inventories,
well (deviation of only 15%). Beside biomass, the forest model allowed for estimating
additional forest attributes such as basal area and stem density.
The linkage of a forest model with a canopy height map allows for capturing forest
structures at the individual to large scale. The approach is flexible and can also be combined with measurements of future satellite missions like ESA Biomass or GEDI. Hence,
the study sets a basis for large-scale analyses of the heterogeneous structure of tropical
forests and their carbon cycle.
In a third study (chapter 4), we analyzed the interactions of productivity, biomass, and
forest structure that are essential for understanding ecosystem’s response to climatic
and anthropogenic changes. We here applied the forest model on the Amazon rainforest,
combined simulation results with remotely-sensed data as in chapter 3, and additionally
simulated ecosystem carbon fluxes.
We found that the successional state of a forest has a strong influence on mean annual net ecosystem productivity (NEP), woody above-ground net primary production
(wANPP), and net ecosystem productivity (NEP). These relations were used to derive
maps of carbon fluxes at 0.16 ha resolutions (current state of the Amazon rainforest
under spatial heterogenic environmental conditions). The Amazon was estimated to be
a sink of atmospheric carbon with a mean NEP of 0.73 tC ha−1 a−1 . Mean wANPP
equals 4.16 tC ha−1 a−1 and GPP 25.2 tC ha−1 a−1 . We found that forests in intermediVI

ate successional states are the most productive. Under current conditions, the Amazon
rainforest takes up 0.59 PgC per year.
This third study shows that forest structure and species compositions substantially influence productivity and biomass, and should not be neglected when estimating current
carbon budgets or climate change scenarios for the Amazon rainforest.
The findings of this thesis set a fundament for future analyses on carbon storage and
fluxes of forests. Simulating at the tree level has the potential to investigate carbon
dynamics from individual to continental scales. The regionalized forest model allows for
the integration of different types of remotely sensed data in order to improve the spatial
accuracy of estimates. The insights, we have gained from the eddy covariance study
(chapter 2), help to investigate carbon dynamics of forests at continental scale also under
changing climate. In combination with the regionalization approach (chapter 3 and 4),
the findings of this thesis may be used to complement studies on drought events in
forests and to understand feedback mechanisms caused by anthropogenic disturbances.
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1

INTRODUCTION

About 32% of CO2 emissions are associated to deforestation of forests and land-use
change (IPCC, 2013). In particular, tropical forests in developing countries are endangered (UN-REDD, 2011). The United Nations Framework Convention on Climate Change
has expressed its concerns regarding the protection of forests (UNFCCC, 2010; Keenan et
al., 2015) and founded an initiative for Reducing Emissions from Deforestation and forest Degradation (REDD+). Such international activities depend on reliable information
on trends and states of global forests to inform and influence decision- and policymakers.
This thesis aims for a better understanding on the role of forests in the global carbon
cycle (Fig. 1.1). It focuses on the assessment of forest’s carbon pools and dynamics across
temporal and spatial scales with a particular focus on the largest rainforest of the world
– the Amazon.

1.1

1.1.1

THE ROLE OF FORESTS IN THE GLOBAL CARBON CYCLE

The global carbon cycle

The global carbon cycle describes the exchange of carbon between land, ocean, and
the atmosphere including their responses to human activities and climatic changes. In
a simplified description (Fig. 1.1), the cycle contains four major compartments: uptake
of atmospheric carbon due to (1) vegetation and (2) the ocean, and carbon emission by
(3) industries and fossil fuels, and (4) land-use change [Le Quéré et al., 2016].
Under current climate and human impact, carbon emissions are twice as large as carbon
uptake [5.7 GtC a−1 uptake vs. 10.3 GtC a−1 emissions, Fig. 1.1, Le Quéré et al., 2016].
Hence, the concentration of CO2 in the atmosphere is constantly increasing. The Mauna
Loa Observatory in Hawaii records CO2 concentration in the atmosphere since 1958.
The carbon dioxide concentration has increased from below 320 parts per million (ppm,
the ratio of the number of gas molecules to the total number of molecules of dry air)
to above 400 ppm within the last 59 years [Tans and Keeling, 2017]. It is assumed that
in preindustrial times, CO2 concentration in the atmosphere oscillated in 100,000-year
cycles by 100 ppm ranging between 180-280 ppm. Nowadays, it increases 10 to 100
times faster than in preindustrial times [Falkowski, 2000]. The latest Intergovernmental
Panel on Climate Change (IPPC) reports a potential increase of CO2 concentration of up
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Figure 1.1: A simplified scheme of the global carbon cycle [Le Quéré et al., 2016].

to 800 ppm until the end of this century. Climate models project that this increase comes
along with a temperature increase of up to 4.5◦ C [IPCC, 2013].
Processes of the global carbon cycle act on timescales that range from hours to millions
of years. In oceans, the exchange of carbon acts on hours to millennia. Photosynthetic activities of algae take place permanently near the ocean’s surface while the thermohaline
ocean circulation (vertical deep water currents) can delay the exchange with the atmosphere by thousands of years [Mopper et al., 1991]. The exchange of carbon between
vegetation and the atmosphere acts at hourly time scales to decades. Photosynthesis,
plant respiration, and soil processes happen permanently; disturbances such as fires or
land-use change take place on days to years. Turnover times of carbon in vegetation happen within decades and centuries [Falkowski, 2000]. Industries emit carbon constantly
over days to decades and burn fossil fuels that are built up over millions of years [Berner,
2003].

2

1.1 T H E R O L E O F F O R E S T S I N T H E G L O B A L C A R B O N C Y C L E

Beside these differences in temporal scales, the global carbon cycle interacts with other
biogeochemical cycles, e.g., the water and nitrogen cycle [Falkowski, 2000]. Additionally,
complex feedback mechanisms have been detected which are still poorly understood
[Schimel, 1995; Schimel et al., 2015]. This limited understanding leads to difficulties
regarding the estimation of carbon fluxes, in particular within vegetation [Hoffman and
Randerson, 2013; Friend et al., 2014], and at coastal oceans [Bauer et al., 2013] which
are both exposed to anthropogenic disturbances. Thus, analyzing human impact on vegetation and coastal oceans remains an important task to increase the certainty of estimated shares in the global carbon cycle.
Vegetation is a component of the global carbon cycle that is challenging to estimate. Its
contribution is mainly calculated as the residual of all other compartments taking their
individual uncertainties along [Le Quéré et al., 2016]. Latest estimates state that with
3.1 GtC per year it is also the largest sink of atmospheric carbon [Le Quéré et al., 2016]
of which around one third is associated to forests [~1.1 GtC a−1 , Pan et al., 2011].

1.1.2

Global forests and the carbon cycle

Forests cover around 30 Mio km2 of land’s surface of which 57% are assigned to the tropics, 16% to the temperate zones, and 27% to the boreal zone [Hansen et al., 2010]. Last
decade’s research has gained a lot of knowledge on the role of forests in the carbon cycle.
For example, it has been explored how forests respond to climatic changes. Temperature
and precipitation seem to correlate positively with gross primary production [Beer et al.,
2010] and carbon turnover rates [Carvalhais et al., 2014]. Woody productivity of temperate forests increases with increasing CO2 concentration in the atmosphere [FACE
experiment where air enriched CO2 is released to plants, Ainsworth and Long, 2005].
At the same time, climate responds to changes in forest ecosystems. A coupled-carbonclimate model predicts that deforestation of tropical forests could lead to an increase in
evaporative cooling of the atmosphere while it might lead to warming at higher latitudes
[Bala et al., 2007].
However, it is challenging to include such natural and human-induced processes in the
assessment of global forest carbon stocks and dynamics. In large-scale vegetation models, carbon stocks and fluxes are often calculated for ‘average’ forest biomes which do
not consider the variability of ecosystems, especially in the tropics [Houghton, 2005].
Hence, the following numbers are only rough estimates: Based on field observations and
statistical and process-based models, the current amount of carbon stored in all forests
of the world is estimated to be around 860 GtC. 55% are allocated to the tropics, 32%
to the boreal zone, and 14% to the temperate zone [Pan et al., 2011]. A diagnostic
model approach that extrapolates eddy covariance data into space, estimates total GPP
of forests to be 59.0 GtC per year; tropical forests are the most productive with 40.8 GtC
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Figure 1.2: Spatial variation of annual gross primary production (GPP) extrapolated from eddy
covariance measurements via a diagnostic model (gC m−2 a−1 ) [after Beer et al.,
2010]

.
per year (Fig. 1.1.2), compared to a GPP of 9.9 GtC per year in temperate forests and
8.3 GtC per year in boreal forests [Beer et al., 2010]. In summary, it is noticeable that
in particular tropical forests take a great share in global vegetation dynamics. The main
focus of this thesis lies on the Amazon rainforest – the largest intact tropical forest of the
world [Hansen et al., 2010] which is introduced in more detail in the following.

1.1.3

The Amazon rainforest

The Amazon rainforest includes all lowland tropical forest of South America [Malhi et al.,
2006] which is the largest area of tropical rainforest of the world. It is characterized
by heavy rainfall (precipitation of 1000 mm per year in seasonal regions and up to
8000 mm per year in central Amazon), high temperatures (coldest monthly mean above
20◦ C), and high diversity [FAO, 2001], hosting around 16,000 tree species[ter Steege
et al., 2013].
Estimates on the amount of carbon stored in the Amazon rainforest diverge strongly.
Above-ground biomass estimates range from 38.9 to 93 GtC [Houghton et al., 2001;
Malhi et al., 2006; Saatchi et al., 2007, 2011]. One reason for divergences in estimates
is that processes, that drive spatial variations of carbon stocks and fluxes, are still poorly
understood [Phillips et al., 2009; Malhi et al., 2015].
Field campaigns showed that mean wood density is lower in forests of the western
Amazon than in the slower-growing forests of the eastern Amazon [Baker et al., 2004;
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Figure 1.3: Evaporating Amazon rainforest (French Guyana) after a heavy rainfall.

Chave et al., 2006; Malhi et al., 2006]. This finding led to diverging assumptions on
potential drivers for such a spatial variation in literature within the last years. Spatial
variations in dynamics and stocks may be related to environmental conditions such as
seasonality [Chave et al., 2006; Malhi et al., 2006]. A more recent study shows that soil
properties may additionally influence forest dynamics [Quesada et al., 2012]. It seems
likely that biomass patterns are driven by patterns of tree mortality rates [Galbraith
et al., 2013; Malhi et al., 2015] and small-scale disturbances [Chambers et al., 2013b;
Espírito-Santo et al., 2014].
Beside studies on the spatial variation of biomass across the Amazon rainforest, last
decade’s research has focused on understanding the response of the forest to climatic
and human-induced changes. The drought events of the past decade gave insights on
the vulnerability of trees to water and temperatures stress in the Amazon [Phillips et al.,
2009]. It was found that the drought events of 2005 and 2010 reduced photosynthesis
(0.38 GtC a−1 in 2010), but tree growth seemed unaffected. Net primary production
(NPP) stayed constant throughout the extreme event compensating the reduction of GPP
by an reduction in maintenance respiration [Doughty et al., 2015]. To the disadvantage
of the trees’ maintenance, the reduction of photosynthesis rather led to an increase in
tree mortality [Brienen et al., 2015b]. It is expected that the Amazon might become a
carbon source in the future due to an increase of drought events and drought-related
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fires [Gatti et al., 2014]. Such events will intensify the additional carbon emission due
to human-induced forest degradation such as fragmentation [Laurance, 1997; Numata
et al., 2010; Pütz et al., 2014] and selective logging [Asner et al., 2002].
Future predictions on the behavior of the Amazon rainforest regarding climatic changes
remain a challenge. Several global vegetation models project the potential of an Amazon
forest ‘dieback’, a collapse of the Amazon as a consequence to climatic changes [Cox
et al., 2000]. However, the intensity of an Amazon ‘dieback’ and sensitivities to climatic
changes varies among vegetation models [Huntingford et al., 2008; Rammig et al., 2010;
Cox et al., 2013]. A recent study even shows that carbon stocks in the Amazon rainforest might be resilient regarding climatic change due to a shift in plant trait diversity
[Sakschewski et al., 2016].
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1.2

M O N I T O R I N G A N D E S T I M AT I N G C A R B O N B U D G E T S A N D F L U X E S O F F O R E S T S
ACROSS SCALES

Various methods have been developed to monitor and estimate carbon budgets and
fluxes of forest ecosystems at different temporal and spatial scales (Tab. 1.1). Local estimates, derived from eddy covariance measurements or simulated with forest gap models,
have proven to give detailed information on forest dynamics. Global estimates, derived
from remote sensing or simulated with global vegetation models, give insights into the
variation across biomes. Products of those tools are biomass, biomass increment, net primary production (NPP), gross primary production (GPP), respiratory pathways, and net
ecosystem exchange (NEE)/net ecosystem productivity (NEP).
These methods come from different research disciplines which sometimes results in different terminologies. In this thesis, we handle the terms as followed (Fig. 1.4): Biomass
of vegetation is described as the organic dry matter stored in vegetation (ODM, units
in t ha−1 ). In literature, biomass is also quantified as the amount of carbon deposited
in vegetation (units explicitly contain C, e.g., tC ha−1 ). Biomass of vegetation can be
separated into above (stem, branches and leaves) and below-ground stocks (roots).

NEE = - (NEP + Carbon losses off site)
NEP
NPP

Carbon losses off site

growth

GPP

Ra

Harvest

Biomass

Wood
products

Dead wood
Litter

Soil organic
matter

Fire

Figure 1.4: Flow chart of the terrestrial carbon cycle. Boxes indicate pools and arrows fluxes.
NEP: net ecosystem productivity; NPP: net primary production; GPP: gross primary
production; Ra : autotrophic respiration; Rh : heterotrophic respiration [modified
from Schulze, 2000].
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A number of methods measure carbon fluxes that go in and out of the forest ecosystem
(the exchange of carbon over time). GPP is the gross uptake of carbon (per time) that
is used for photosynthesis of vegetation. NPP is the net production of wood, branches,
leaves, and roots. Biomass increment (often given in ODM) is often defined as the woody
aboveground net primary production (wANPP).
Respiration can be separated into several pathways. The autotrophic respiration (Ra ) is
the respiration that includes growth and maintenance respiration (Rh ) of trees; heterotrophic respiration describes the decomposition by microbial and animal activity
[Luyssaert et al., 2007]. The sum of both is the ecosystem respiration. The difference
between the GPP and ecosystem respiration then describes the NEP (Fig. 1.4).
The net ecosystem exchange (NEE) is the exchange of carbon from the ecosystem to
the atmosphere. Note that the term NEE is often used in meteorology and describes the
carbon exchange from the atmospheric point of view: a positive NEE is associated to a
gain in atmospheric carbon. The term NEP, on the other hand, is mainly used in ecology
and describes carbon fluxes from the forests’ point of view: a positive NEP stands for
a gain of carbon in the biosphere as we use it in this thesis. Strictly speaking, they
do not only differentiate in their contrary algebraic sign (NEE=-NEP). As NEE is the
total exchange of carbon, it also includes inorganic carbon that enters and leaves the
ecosystem via, for example, ground water and rivers [Chapin et al., 2006].
Table 1.1: Overview over the spatial and temporal resolutions of different methods that estimate
and monitor carbon fluxes and budgets. The information is gathered from literature
introduced in chapter 1.2.
Tool

Field inventory

Spatial
resolution

0.1-25 ha
plots

Spatial
extent

local

Temporal
resolution

Temporal
extent

References

(time step)

(record length)

(examples)

hourly
(dendrometer
measurments)
or census data

yearscenturies

Cotta [1821];
Lopez-Gonzalez et al.
[2011];
Anderson-Teixeira
et al. [2015]

Eddy covariance

1-100 ha

local

1/2-hourly

few years

Friend et al. [2007];
Aubinet et al. [1999]

Remote sensing
(passive sensors)

m to km,
horizontal

localglobal

hours–
years

yearsdecades

Tucker et al. [1985];
Zhao et al. [2005]

Remote sensing
(active sensors)

cm to m,
horizontal
and vertical

localglobal

monthsyears

yearsdecades

Lefsky et al. [2005];
Saatchi et al. [2011]

Dynamic Global
Vegetation Models

~0.5◦ -3◦

regionalglobal

hoursyear

centuries

Sitch et al. [2008]

Individual-based
forest models

individual–
0.1 ha

localregional

hoursyear

centuries

Bugmann
[2001];
Fischer et al. [2016]
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1.2.1

Forest inventories

Field inventory is the oldest technique to detect carbon stocks and analyze dynamics and
development of a forest [e.g., yield tables, Cotta, 1821] by keeping records on changes
in diameter of a tree at breast height (dbh, Fig. 1.5). Today, different networks exist
compiling information on forest stands, for example, the CTFS-ForestGEO network with
63 sites [~25 ha each, Anderson-Teixeira et al., 2015] or the ForestPlots network with
2000 sites [~1 h, Lopez-Gonzalez et al., 2011].
Biomass stocks are often estimated via allometric relationships based on dbh and/or tree
height [Chave et al., 2014]. NPP and GPP are indirectly assessed via monitoring biomass
increment, root increment, and litter fall (Fig. 1.5 (b)) respiration [as in Malhi et al.,
2015]. Aboveground processes, like biomass increment, are more frequently measured
than belowground processes of fine and coarse roots which are difficult to access [Clark
et al., 2001].
Although the number of assessable information on forest plots has increased, the number
of sites in the tropics is still low compared to the temperate and boreal zones [Luyssaert
et al., 2007; Schimel et al., 2015]. In addition, tropical inventories confront challenges
in tree measurements, the determination of tree allometries and difficulties due to small
sample sizes in highly heterogenic landscapes [Chave et al., 2004]. Regardless of these
limitations, field inventories collect important and indispensable information. Long-term
records provide insights into functional relations between forest attributes like biomass,
productivity, and tree diversity. This information is a prerequisite for vegetation modeling and the ecological interpretation of eddy covariance and remote sensing measurements which are described in the following subsections.

Figure 1.5: Measurements at Hohes Holz experimental site, Germany: (a) continuous measurements of diameter at breast height with a dendrometer (top) and of sap flow (below)
(Foto: André Künzelmann, UFZ); (b) litter fall trap to estimate leaf turn over (Foto:
Corinna Rebmann, UFZ).
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1.2.2

Eddy covariance method

The eddy covariance method measures vertical turbulent fluxes of CO2 , heat, and water
above vegetation. Fluxes result from the covariance of vertical wind velocity and its
concentrations of, e.g., CO2 [Baldocchi et al., 1988; Aubinet et al., 1999]. The technique
enables monitoring inter-annual net fluctuation of sensible and latent heat fluxes, and
net ecosystem exchange (NEE). Simultaneous recordings of meteorology allow for the
partitioning of NEE into GPP and respiration. Night-time values of ecosystem respiration
are extrapolated to daytime taking temperature sensibilities [Reichstein et al., 2005] and
vapor pressure deficits into account [Lasslop et al., 2010].
In forests, the instruments are installed on a tower that emerges the top of the canopies
(Fig. 1.6 (a)-(b)). The size of the footprint of an instrument depends on the height of
the tower, the intensity and direction of the wind, and the surrounding terrain [Leclerc
and Thurtell, 1990]. As a rule of thumb, it can reach areas around the tower that spread
100 times the height above the canopy [100-1000m, Baldocchi et al., 1996].
Today, more than 400 eddy-flux towers are installed worldwide. Most measurements are
assessable in the global network FLUXNET [Fig. 1.6 (c), Baldocchi, 2014]. The highest density of towers is found in Europe and North America. Dense tropical forests are
rather difficult to access and maintain, hence, only a few observations exist for the
Amazon rainforest [Saleska et al., 2003; Bonal et al., 2008]. Currently, the FLUXNET
network hosts data of 212 sites of which 23 are located in the tropics (23.5◦ S-23.5◦ N):
11 in Australia, 5 in Africa, 2 in Asia, 2 in Central America, and 3 in South America.
Less than 50% (10 sites) of these are located in forests, the rest is placed in grasslands or savannas (counted from site list on http://fluxnet.fluxdata.org/sites/
site-list-and-pages/ on April, 1st 2017).

The eddy covariance method allows for investigating how the ecosystem responds to environmental conditions like light, seasonality, soil water, and temperature [e.g., Grace
et al., 1996; Greco and Baldocchi, 1996; Saleska et al., 2003; Granier et al., 2007;
Bonal et al., 2008], and anthropogenic disturbances [Baldocchi, 2014]. Eddy covariance measurements are used to validate global maps of GPP derived from remote sensing [Running et al., 2004] and validate and calibrate vegetation models [Krinner et al.,
2005; Friend et al., 2007]. There have been first attempts to upscale flux measurements
with the help of a diagnostic model approach [Beer et al., 2010] or remote sensing [Jung
et al., 2011] to produce flux maps at the global scale at 0.5◦ resolution. These up-scaling
approaches are challenging considering the fact that measurements are rare, in particular, in dense tropical forests. For example, 3 eddy covariance towers with a maximum
footprint of 1 km2 cover only ~0.43µ% of the Amazon basin (~7 Mio ha). In order
to fill these gaps and consider the effect of disturbances and climate into up-scaling
approaches, it is promising to integrate vegetation modeling into large-scale estimates.
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Figure 1.6: (a) Eddy covariance system with anemometer (measurement of wind velocity) and
gas analyser (CO2 concentration) on a 55m high tower in the tropics (Guyaflux,
French Guyana). (b) Eddy covariance tower at a temperate forest (Hohes Holz,
Germany, Foto: André Künzelmann, UFZ). (c) Locations of towers of the FLUXNET
network (Figure: http://fluxnet.fluxdata.org, access date 02-21-2017).
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1.2.3

Remote sensing of vegetation

Satellite-based remote sensing has revolutionized earth system monitoring in the 70s.
Images from space enabled the detection of land-cover changes at a large scale. This new
perspective from space helped to expand knowledge gained from ground observations
to larger scales [COHEN and GOWARD, 2004; Jung et al., 2011].
Remote sensing sensors detect the intensity of radiation within wavelength bands
[Turner et al., 2003]. Two types of sensors are used to explore vegetation from space:
passive and active sensors. Passive sensors measure visible and infrared radiation that
reaches the detector. Active sensors (Radio Detection And Ranging (RADAR) and Light
Detection And Ranging (LIDAR)) actively send out signals and measure reflected energy.
One product of the passive sensor technique is the Normalized Difference Vegetation
Index [NDVI Tucker et al., 1985] which detects differences in plant reflectance derived
from satellite images (Fig. 1.7 (a)). In the 80s, it enabled to derive first biome-wide
estimates of NPP [Fig. 1.7 (b), Goward et al., 1985; Tucker et al., 1985]. Deriving NPP
from satellite images is based on the assumption that NPP and GPP are related to the
NDVI and absorbed solar energy via a constant conversion factor [Running et al., 2004].
Modern technology allows for producing 8-day NPP and GPP maps at 1 km2 resolution
[Zhao et al., 2005] and analyzing last decade’s trends of NPP [Fig. 1.7 (c), Zhao and
Running, 2010]. The advantage of this approach is that it produces continuous maps at
high temporal and spatial resolution. However, NDVI values tend to saturate in dense
forest stands which can lead to, for example, an underestimation of leaf density and
spatial heterogeneity in tropical regions [Myneni et al., 2001; Hall et al., 2011].
Another achievement of passive remote sensing are land cover maps [DeFries and
Townshend, 1994; Hansen et al., 2000, 2013]. Vegetation types like grasslands, savannas, and different forest biomes are identified based on Landsat data. They serve to
identify regions that are influenced by human activities which are known to have a
strong influence on carbon dynamics [Houghton et al., 2012]. However, the extent of
such influence is difficult to quantify and is one of the major challenges in the assessment
of the global carbon cycle [Le Quéré et al., 2016]. One valuable information, that can
contribute to a better understanding of carbon dynamics in forest ecosystems, is a threedimensional perspective on forest structure which can only be provided by active remote
sensing [Rosette et al., 2012]. Active sensors like RADAR and LIDAR can identify forest
canopy heights that are related to forest biomass [Lefsky et al., 2005]. This relation was,
for example, used to derive large scale maps of forest biomass from LIDAR measurements
of the Geoscience Laser Altimeter System (GLAS) onboard Ice, Cloud and land Elevation
Satellite (ICESat) [Saatchi et al., 2011; Baccini et al., 2012]. However, reflected signals
of these sensors are discrete and the extrapolation of measurements to continuous maps
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Figure 1.7: (a) Normalized difference vegetation index measurements (NDVI) for August 1982
for North America, and (b) derived biome-averaged net primary production (NPP)
[both images from Goward et al., 1985]. (c) Linear trend of terrestrial NPP from
2000 through 2009 [image from Zhao and Running, 2010].
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is challenging, especially in cloudy, tropical regions [Saatchi et al., 2011] where annual
cloud cover exceeds 80% [Wilson and Jetz, 2016].
RADAR and LIDAR measurements of ongoing [Tandem-X and GEDI Krieger et al., 2007;
NASA, 2017] and future satellite missions [Tandem-L, Moreira et al., 2015] will hopefully overcome this limitation. Although LIDAR measurements are easier to interpret
for forest applications, satellite RADAR measurements provide spatially continuous and
high-resolution data sets. Investigating the potential of RADAR for forest applications
is therefore an issue of current research [Kugler et al., 2014]. Furthermore, sensors
are installed on aircrafts in order to improve and develop new methods and to obtain
the optimal relation between forest biomass or productivity and forest structure metrics
[Dubayah et al., 2010; Asner and Mascaro, 2014]. Products of theses airborne measurements allow for deriving regional, high-resolution (~0.1 ha), continuous biomass maps
[e.g., Asner et al., 2010; Marvin et al., 2014].
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1.2.4

Vegetation models

Vegetation models simulate processes of the ecosystem that drive vegetation dynamics.
Depending on the research question, they are applied at different temporal and spatial
scales. Here, we introduce two types of vegetation models: dynamic global vegetation
models that focus on forest biomes at regional to global scales, and forest gap models
that focus on forest dynamics at the local scale.

1.2.4.1

Dynamic global vegetation models

Dynamic global vegetation models (DGVMs) simulate vegetation dynamics, hydrological
processes, and its biogeochemical cycle in response to climatological input data [Sitch
et al., 2008]. Commonly, they act at the scale of climatological input (0.5◦ (regional)3◦ (global) resolution) and calculate mean processes for the entire grid cell. The spatial resolution varies depending on the spatial extend of the simulation area (e.g., 0.5◦
[Rammig et al., 2010] and 1◦ [Johnson et al., 2016] resolution for Amazon-wide simulations versus 3◦ [Sitch et al., 2008] for world-wide simulations). The temporal resolution
varies among DVGMs and their internal processes: Photosynthesis and water fluxes are
often calculated on half-hourly to daily time steps, climatological input data varies between daily to monthly time steps and tree growth is calculated on time steps up to one
year [e.g., Sitch et al., 2003, 2008; Krinner et al., 2005; Sato et al., 2007]. Spatial and
temporal resolutions depend on the research question and computational capacity.
Plant diversity is summarized in plant functional types (PFTs) that represent an average
individual. PFTs compete for resources (e.g., light, water) and form biomes. Typical PFTs
are broadleaf evergreen and raingreen trees for the tropics, needleleaf, broadleaf evergreen and broadleaf summergreen trees for the temperate and boreal zones, and different grasslands [<15 PFTs globally, Sitch et al., 2003; Sato et al., 2007]. Photosynthetic
processes are often based on a model description of Farquhar [1989] and/or Collatz
et al. [1991], a sub-model that describes the responses of carbon exchange by leaves
under environmental conditions like CO2 and oxygen concentration, temperature, and
light [Farquhar, 2001].
DGVMs have been developed regarding particular research questions. The LundPotsdam-Jena (LPJ) model [Sitch et al., 2003], for example, has several modified versions: LPJ managed land (LPJml) includes crop functional types to analyze the effect of
management on productivity [Bondeau et al., 2007]; the LPJml flexible functional traits
[LPJml-FIT, Sakschewski et al., 2015] investigates the response of plant trait diversity under climatic changes [Sakschewski et al., 2016]. The Spatially Explicit Individual-Based
(SEIB-) DGVM [Sato et al., 2007], LPJ-GUESS [Smith et al., 2008], and the Ecosystem
Demography (ED-)Model [Moorcroft et al., 2001] combine the DGVM approach with
concepts of forest gap models (see below).
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Results of DVGMs depend on its climate input data and differ in patterns due to differences in its model structure. A model comparison of DGVMs has shown that simulated
vegetation responses differently to drought in the tropics and to changing temperature
and soil moisture in the boreal zone [Sitch et al., 2008]. Fig. 1.8 shows that DGVMs
produce similar GPP estimates for the boreal and temperate zones, but strongly diverge
in tropical regions [Beer et al., 2010]. Another limitation is that computational capacity
is still a challenge. The individual-trait-based LPJ-mlFIT, for example, simulated 4 ha
plots as a representative for each 0.5◦ grid cell in the Amazon (around 2000 grid cells
in total) taking several days of simulation time [personal communication, Sakschewski
et al., 2016].
DGVMs have been developed regarding particular research questions. The LundPotsdam-Jena (LPJ) model [Sitch et al., 2003], for example, has several modified versions: LPJ managed land (LPJml) includes crop functional types to analyze the effect of
management on productivity [Bondeau et al., 2007]; the LPJml flexible functional traits
[LPJml-FIT, Sakschewski et al., 2015] investigates the response of plant trait diversity under climatic changes [Sakschewski et al., 2016]. The Spatially Explicit Individual-Based
(SEIB-) DGVM [Sato et al., 2007], LPJ-GUESS [Smith et al., 2008], and the Ecosystem
Demography (ED-)Model [Moorcroft et al., 2001] combine the DGVM approach with
concepts of forest gap models (see below).
Results of DVGMs depend on its climate input data and differ in patterns due to differences in its model structure. A model comparison of DGVMs has shown that simulated
vegetation responses differently to drought in the tropics and to changing temperature
and soil moisture in the boreal zone [Sitch et al., 2008]. Figure 1.8 shows that DGVMs
produce similar GPP estimates for the boreal and temperate zones, but strongly diverge
in tropical regions [Beer et al., 2010]. Another limitation is that computational capacity

Figure 1.8: Annual GPP along the latitude. The red area shows the range of model output of
different vegetation models. The gray area shows the range of the diagnostic models
in combination with eddy covariance data. The thick lines represent the medians of
both ranges [Beer et al., 2010].
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is still a challenge. The individual-trait-based LPJ-mlFIT, for example, simulated 4 ha
plots as a representative for each 0.5◦ grid cell in the Amazon (around 2000 grid cells
in total) taking several days of simulation time [personal communication, Sakschewski
et al., 2016].
Despite their limitations, DGVMs are valuable tools to analyze important research questions such as the potential response of vegetation to climate change [Cramer et al.,
2001] like Amazon ‘dieback’ studies [Huntingford et al., 2008; Rammig et al., 2010;
Cox et al., 2013]. DVGMs are used in earth system analyses where they are coupled
to atmospheric and ocean models in order to investigate the climate-carbon feedback
[Coupled Climate–Carbon Cycle Model Intercomparison Project C4MIP, Friedlingstein
et al., 2006].

1.2.4.2

Forest gap models

The first forest gap model JEBOWA evolved in the early 70s [Botkin et al., 1972]. It
provided a basis for the development of various forest gap models for forests worldwide [Shugart, 1984; Bugmann, 2001]. Forest dynamics are described on patches (‘gap’,
Fig. 1.9). Within one patch, the growth of each tree is described (individual-based approach) without having an explicit spatial position. All trees within a patch compete for
space and resources such as light, water, or nutrients. Main processes that are calculated
at each time step are growth, mortality, establishment, and competition between trees.
Forest gap models have been used to address a variety of research questions on forest
sites worldwide. The JEBOWA model was developed to analyze dynamics of a speciesmixed forest in North America [Botkin et al., 1972]. The ForClim model was used, for
example, to investigate differences in species compositions along a latitudinal gradient
in North America [Bugmann and Solomon, 1995] and an elevation gradient in Europe
[Switzerland, Heiri et al., 2006]. The FORMIND model investigates, for example, management strategies for logging [Huth et al., 2005, 2004], fragmented landscapes [Pütz

Figure 1.9: Different successional states of a forest ecosystem: light-demanding, fast-growing
trees dominate the early successional stage and shade-tolerant, slow-growing trees
dominate late successional stages. If a forest stand is disturbed (e.g. death of a large
tree, fire event, or land slide), a gap occurs and succession starts again [image modified from Fischer et al., 2016].
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Global radiation
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Temperature
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Tree respiration
Gross photosynthesis

Photosynthesis
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Figure 1.10: Conceptual framework of the forest model FORMIND [image modified from Fischer
et al., 2016]: squares indicate processes, rhombuses indicate input. Processes that
are used for the study linking the forest model and eddy covariance data (chapter 2)
are framed in green, processes that are used for the study linking the forest model
and remote sensing data (chapter 3 and 4) are framed in dark red. The logging, fire,
and fragmentation modules are unused within the frame of this thesis.

et al., 2014], and the impact of landslides on species compositions [Dislich and Huth,
2012] in the tropics. These are just a few examples for the application of forest models
at the local scale. The basic structure of forest gap models has been further developed
and simplified. This allows for the investigation of forest dynamics at the landscape scale
[e.g., the iLand model, Seidl et al., 2012].
The studies of this thesis are based on simulations with a forest gap model [FORMIND,
Fig. 1.10, Köhler and Huth, 1998; Fischer et al., 2016]. It was developed to simulate
dynamics of tropical, diverse forests [Köhler and Huth, 2004]. While traditional forest
gap models often do not consider the carbon exchange of forests with the atmosphere
[Bugmann, 2001], FORMIND simulates tree growth based on photosynthesis and respiration of the individual tree. The forest model calculates potential photosynthesis at the
leaf level via a light-response curve. Temperature or water stress limits potential photosynthesis via a factor [ranging from 0 to 1, Bohn et al., 2014]. This is a more simple
approach compared to the Farquhar [1989] model used in DGVMs, but clearly reduces
computational time. Beside tree photosynthesis, FORMIND calculates decomposition of
dead wood and soil. Therefore, it enables simulating carbon fluxes of the whole forest
ecosystem.

18

1.2 M O N I T O R I N G A N D E S T I M AT I N G C A R B O N B U D G E T S A N D F L U X E S

Simulating carbon dynamics with an individual-based forest gap model has several advantages. First, species are grouped into plant functional types in order to differentiate
tree species’ characteristics (several PFTs per forest site, whereas DGVMs use one or two
PFTs per biome). Thereby, the forest model detects carbon states and fluxes for different successional states and forest structures [Fischer et al., 2016, , Fig. 1.9]. This is a
precious characteristic since forest structure and successional states determine the light
conditions and productivity of a forest and are important factors to derive forest biomass
of tropical forests [Marvin et al., 2014]. Second, forest gap models consider stem based
mortality rates and thereby small-scale disturbances (gap-dynamics). It has been shown
that small-scale disturbances have greater impact on the carbon cycle than large-scale
disturbances [Espírito-Santo et al., 2014]. And third, the calculation of a forest stand
simulation only takes a few seconds (e.g., for 10 ha over 1000 years).
One limitation of a forest gap model is that it relies on an extensive and time-consuming
parameterization of species or plant functional groups. Such parameterizations depend
on detailed observational data to describe processes and diversity [Hartig et al., 2012].
This observational data requirement limits the spatial extend of the model area [Jeltsch
et al., 2008]. Normally, forest gap models are applied on areas of only a 1-1000 ha
[Fischer et al., 2016; Jeltsch et al., 2008].
This thesis presents an approach that extends the FORMIND model to a larger region. We
chose the Amazon rainforest to demonstrate this new approach and combine simulation
results with field inventory, remote sensing, and eddy covariance data.
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1.3

OBJECTIVES OF THIS THESIS

Field inventory, eddy covariance measurements, remote sensing ,and vegetation modeling are valuable methods to assess carbon dynamics of forest ecosystems. They give
insights into the response of forests to environmental conditions, climatic changes, and
disturbances. Anyhow, estimates on carbon dynamics of forest ecosystems still take a
great share in the uncertainty of the global carbon cycle [Le Quéré et al., 2016]. The
reason for this uncertainty is that tools have not been combined sufficiently, yet. In particular, studies miss out on considering forest structure and species compositions in their
analyses. For instance, eddy covariance data has been used to identify the influence of
variable climate in vegetation model processes [Verbeeck et al., 2011], however, only
for ‘mean’ mature forest stands. LIDAR measurements were linked to forest modeling
to simulate forest attributes [Hurtt et al., 2004; Dubayah et al., 2010], however, only
for local forest stands. There is a clear need for combining approaches in order to include different forest structures, climatic conditions, and disturbances across temporal
and spatial scales into the assessment of carbon dynamics of forest ecosystems [Saatchi
et al., 2015; Shugart et al., 2015].
This thesis presents approaches for combining knowledge of all the above-mentioned
methods. The central tool is an individual-based forest gap model (Fig. 1.10).
In a first study (chapter 2), FORMIND was enhanced to be applicable at a daily time
step. Limiting factors for photosynthesis and respiration have been derived by linking
simulation results with eddy covariance data. The main objectives of the first study are:
2. Investigating whether a forest gap model is capable of simulating carbon dynamics
at the individual tree level under daily variable climate.
3. Identifying limitations of photosynthesis due to temperature and water stress using
eddy covariance data.
The forest model is applied to two spruce forests in Germany where eddy covariance
data are available. It is run on a daily time step in order to compare simulated and measured fluxes. The study shows that, in general, the forest model is capable of displaying
carbon dynamics under variable climate. It is successfully linked to eddy covariance data
which enables analyzing and improving individual model processes that describe the limitation of productivity due to temperature and water stress. The study demonstrates that
forest gap models are valuable tools for investigations on carbon dynamics under the
consideration of forest structure.
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In a second study (chapter 3), the forest model is regionalized and combined with inventory and remote sensing data. The objectives of the second study are:
4. Implementing the local forest model FORMIND at the regional scale: the case study
on the Amazon rainforest.
5. Deriving the spatial variation of biomass and forest structure of the Amazon rainforest by linking simulation results with satellite measurements.
We developed a regionalization approach to apply the forest model on the entire Amazon
rainforest at the individual tree level. Simulation results are combined with a canopy
height map derived from LIDAR remote sensing (ICESat satellite). This approach enables
to produce high-resolution maps describing the distribution of above-ground biomass
and other forest attributes in the Amazon rainforest that consider small- to large scale,
natural, and human-induced disturbances. To our knowledge it is the first study that
combines vegetation modeling and active remote sensing measurements at such a large
scale. It sets a basis for analyses on the effect of forest structure and species compositions
on carbon dynamics in the Amazon.
On the basis of this approach, further analyses on forest attributes in the Amazon rainforest are presented in chapter 4 with the following main objectives:
6. Deriving high-resolution maps of forest productivity and net carbon fluxes.
7. Investigating relations between forest structure, biomass, carbon fluxes and species
compositions across the Amazon rainforest.
Simulating individual trees allows for analyzing forest structure and carbon dynamics at
various spatial scales.
This thesis presents steps towards better estimates of carbon fluxes and budgets of
forests. It provides insights and a basis for future studies on the Amazon rainforest across
temporal and spatial scales under climatic and anthropogenic changes. In addition, the
developed framework is transferable to other biomes around the world and applicable
at the country-wide to continental scale.
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E S T I M AT I N G T H E C A R B O N F L U X E S O F
FORESTS WITH AN INDIVIDUAL-BASED
FOREST MODEL

This chapter is based on the publication Rödig et al. [2017b]:
Rödig, E., Huth, A., Bohn, F., Rebmann, C., Cuntz, M. (2017): Estimating the carbon
fluxes of forests with an individual-based forest model, Forest Ecosystems, 4:4.
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2.1

ABSTRACT

Background: Capturing the response of forest ecosystems to inter-annual climate variability is a great challenge. In this study, we tested the capability of an individual-based
forest gap model to display carbon fluxes at yearly and daily time scales. The forest
model was applied to a spruce forest to simulate the gross primary production (GPP),
respiration, and net ecosystem exchange (NEE). We analyzed how the variability in climate affected simulated carbon fluxes at the scale of the forest model.
Results: 6 years were simulated at a daily time scale and compared to the observed eddy
covariance (EC) data. In general, the seasonal cycle of the individual carbon fluxes was
correctly described by the forest model. However, the estimated GPP differed from the
observed data on the days of extreme climatic conditions. Two new parameterizations
were developed: one resulting from a numerical calibration, and the other resulting from
a filtering method. We suggest new parameter values and even a new function for the
temperature limitation of photosynthesis.
Conclusions: The forest model reproduced the observed carbon fluxes of a forest ecosystem quite well. Of the three parameterizations, the calibrated model version performed
best. However, the filtering approach showed that calibrated parameter values do not
necessarily correctly display the individual functional relations. The concept of simulating forest dynamics on the individual base is a valuable tool for simulating the NEE, GPP
and respiration of forest ecosystems.

2.2

BACKGROUND

Inter-annual climate variations can strongly influence the productivity of forest ecosystems. The heat wave of 2003, for example, caused a reduction of approximately 30% to
the gross primary production (GPP) over Europe [Ciais et al., 2005]. This extreme event
was followed by several studies to understand ecosystem responses and their underlying
mechanisms [e.g., Zaitchik et al., 2006; Granier et al., 2007]. Models predict that such
extreme events will become more frequent and intense in the future [Meehl and Tebaldi,
2004].
However, correctly capturing the responses of an ecosystem to varying climatic conditions with vegetation models is a major challenge [Keenan et al., 2012]. In this study,
we test the potential of a forest gap model that considers forest structure at the local
scale to estimate daily carbon fluxes and their response to climate variations in a spruce
forest in Germany.
Forest models have a long tradition in ecological research [Botkin et al., 1972; Shugart,
1984; Pacala et al., 1993; Köhler and Huth, 2004]. They have been successfully ap-
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plied to analyze forest succession, tree species composition, and biomass [e.g., Fischer
et al., 2016]. Capturing the competition between individuals enables these types of models to reproduce reality better than vegetation models which operate at a larger scale
[Smith et al., 2008]. Traditionally, studies using forest models have focused on forest
structure and dynamics, but they often neglected carbon exchange with the atmosphere
[Bugmann, 2001].
In this study, we used an individual-based forest gap model (FORMIND) that simulates
the growth of individual trees by calculating its photosynthesis and respiration [Köhler
and Huth, 1998]. In addition, a soil carbon module is included [derived from Sato et al.,
2007]. These model characteristics established a base to capture carbon fluxes at the
ecosystem level, in addition to biomass and tree-size distributions.
Up to now, the forest model FORMIND has mainly been used to reproduce the average forest conditions in long-term studies at yearly time scales [Gutiérrez et al., 2009;
Fischer et al., 2014; Bohn et al., 2014]. The influence of short-term climate variability
on individual model processes (GPP and respiration) has not yet been tested. Therefore,
we here compared daily simulation output of the forest model with observed eddy covariance data of two spruce forests and analyzed the following two aspects. First, we
wanted to test whether the local forest model is generally capable of displaying daily
carbon fluxes. Second, we analyzed whether the model processes correctly respond to
variable climate inputs. In this context, we evaluated the response of three different
model parameterizations. We explored how we can use eddy covariance data to improve
the simulation of carbon fluxes with an individual-based forest model. The simulation
time also covered the heat wave of 2003 which enabled to include an extreme event in
the analyses.
The following questions will guide us through this study: (1) How well does an
individual-based forest gap model simulate the daily and yearly carbon fluxes of a temperate forest ecosystem? (2) How can EC data be used to improve the concept of limiting
factors in forest gap models?

2.3

2.3.1

METHODS

The study sites

This study focused on a forest site located at Wetzstein Mountain, a part of the
Thuringian Forest in central-east Germany where measured carbon fluxes and inventory
data are available [Wetzstein flux tower, Rebmann et al., 2010]. Observed carbon fluxes
were derived with the eddy covariance (EC) method, a technique that observes the local carbon flux dynamics of the vegetation and monitors inter-annual changes [Aubinet
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Table 2.1: Site characteristics for Wetzstein [Rebmann et al., 2010, Martina Mundt, personal communication] and Tharandt [Grünwald and Bernhofer, 2007]. Climatological means
were calculated from data obtained during the investigated time period.
Location

Wetzstein

Tharandt

50◦ 27’N,

50◦ 57’N, 13◦ 34’E

11◦ 27’E,
Time period

2003-2008

1999-2008

Date of inventory

2004

1999

Stand age [a]

50

108

Stand density

[ha−1 ]

410

477*

Mean stem diameter (dbh) [m]

0.327

0.33

Leaf are index [m2 m−2 ]

7.0**

7.7

Elevation [m]

792

380

Annual mean temperature [◦ C]

6.5

8.8

a−1 ]

810

673

m−2 s−1 ]

489

583

Annual mean precipitation [mm
Annual mean PPFD [µmol

* In April 2002, the number of trees was reduced by approximately 30% due to tree cutting.
** Projected area, measured with LAI 2000 (LiCor)

et al., 1999]. The Wetzstein forest is dominated by even-aged Norway spruce (Picea
abies) stands on clay loam. In addition, we analyzed another Norway spruce stand at
Tharandt, a study site in the Ore Mountains in Germany where EC-data were available
[Tharandt Anchor station, Grünwald and Bernhofer, 2007]. The stand characteristics of
both sites are summarized in Tab. 2.1.

2.3.2

The forest model FORMIND

FORMIND [Köhler and Huth, 2004; Fischer et al., 2016] is an individual-based forest
gap model in which growth is calculated for each tree individually. The approach uses
patches to describe the vertical and horizontal forest structures. The main processes of
the model include establishment, growth, mortality, and competition. Important driving
factors are daily means of incoming light (photosynthetic photon flux density, PPFD),
temperature, and precipitation (based on a model verison for temperate forests as in
Bohn et al. [2014]). In this study, the model was applied to an even-aged spruce forest
(1 ha). Establishment and mortality were deactivated for the short simulation time of 6
years. A full model description can be found in Fischer et al. [2016] and at www.formind.
org.

The model runs with daily variable observed climate inputs of PPFD, day length, temperature, and precipitation measured onsite. PPFD and day length serve as the driving
forces for forest productivity. The sum of the GPP over all trees thus equals the GPP
of the ecosystem. The ecosystem respiration is the sum of the respiration of all trees
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plus that of the soil and deadwood. The NEE is calculated as the difference between
the ecosystem GPP and the ecosystem respiration [Fischer et al., 2014]. A positive NEE
corresponds to increasing carbon stocks.
Gross primary production. Photosynthesis is calculated at the leaf level using a lightresponse function and is then integrated over the entire canopy [Thornley and Johnson,
1990]. The GPP of an individual tree under optimal climatic conditions [Huth and Ditzer,
2000] equals
GPPptree (Iind (PPFD(t))) =

pmax
k

· ln

αkIind (PPFD(t))+pmax [1−m]
αkIind (PPFD(t))e−kLAI +pmax [1−m]

(2.1)

Ac ψ

in µmol(CO2 ) m−2 s−1 , where pmax [µmol(CO2 ) m−2 s−1 ] is the maximum photosynthetic rate of the tree species (here, spruce), α is the initial slope of the light-response
curve [µmol(CO2 ) µmol(photons)−1 ], k is the light extinction factor, and m is the transmission coefficient of the leaves. Iind is the fraction of the PPFD at daily time step t that
reaches the top of the individual tree. Ac [m2 ] is the crown area, and ψ [s] the photosynthetically active period of the time scale. Under non-optimal climatic conditions,
GPPptree is limited by the available soil water (SW) and temperature (T ) [Bohn et al.,
2014]:
GPPtree (t) = GPPptree (t) · ϕSW (t) · ϕT (t)

(2.2)

where ϕSW is the water reduction factor ([0,1]), and ψT the temperature reduction
factor ([0,1]). The temperature reduction factor ϕT is derived from the LPJ-model [Sitch
et al., 2003] which includes two ramp functions [Gutiérrez et al., 2012]:
!−1
2 ln(0.01/0.99)·(0.5(T
+T
)−T (t))
ϕT (t) =

1+e

CO2 ,l
TCO ,l −Tcold
2

cold

· 1 − 0.01e

ln(0.99/0.01)·(T (t)−Thot )
TCO ,h −Thot
2

!
(2.3)

where T [◦ C] is the daily mean air temperature at time step t. T(CO2 ,h) , T(CO2 ,l) , Tcold and
Thot [◦ C] are species-specific parameters representing the higher and lower temperature
limits for CO2 assimilation and the monthly mean air temperatures of the warmest and
coldest months when production can still occur.
In this study, we also tested a new temperature reduction curve ϕ∗T . It is distributed
around the optimal temperature for photosynthesis Topt [◦ C] and the width Tsig [◦ C]
[June et al., 2004, , reduction of the electron transport rate with n = 2] since Eq. 2.3
could not be properly fitted to the observed data. We suggest fitting this bell-shaped
curve because it only relies on two parameters instead of four parameters (Eq.2.3):
ϕT? (t)

=e

n

T (t)−Topt
−
T
sig

.

We use a water reduction factor, ϕSW , as proposed by Granier et al. [1999]:



0
: SW < SW pwp


SW(t)−SW pwp
ϕSW (t) =
SW msw −SW pwp : SW pwp < SW(t) < SW msw




1
: SW(t) > SW msw
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(2.5)
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where SWpwp is the permanent wilting point, SWmsw = SW pwp + 0.4(SW fc − SW pwp )
is the minimum soil water content for maximum photosynthesis, and SWfc is the field
capacity. Available soil water is calculated from the daily precipitation, interception by
leaves, above- and below-ground water runoff, and transpiration of trees [Fischer et al.,
2014].
Respiration. The respiration of a tree is the sum of its maintenance respiration, Rm , and
its growth respiration, Rg , a constant fraction of (GPP − Rm ).The maintenance respiration is calculated as follows:
Rm (t) = Rb (t)κ(T (t)),

(2.6)

where Rb is a base respiration, a fraction of standing biomass of the tree (Bohn et al.
2014, detailed description in supplementary information A3). κ(T) describes the influence of the daily mean air temperature T on respiration [Prentice et al., 1993]:
T (t)−Tref

κ(T (t)) = Q10 10

,

(2.7)

with constants Tref and Q10 [Bohn et al., 2014].

2.3.3

Field data and data filtering

We compared the simulation results of the forest model with the EC data of the Wetzstein
site (Tab. 2.1). For the Wetzstein site, the EC data were pre-processed as described in
Rebmann et al. [2010]. The net ecosystem exchange (NEE) was gap filled since the data
are compared at daily time scales and partitioned into GPP and respiration. We use an
algorithm that extrapolates day-time ecosystem respiration from night-time respiration
considering temperature sensitivities [Reichstein et al., 2005].
We filtered the EC data to identify days that are affected by specific limitations. Optimal
temperature or soil water conditions were defined for days when the daily mean GPP
was maximal (98th percentile for the years 2003 to 2008). We assumed that on those
days the GPP is not affected by any limitation. The filtered range of the optimal temperature (daily daytime mean) conditions was identified at 7.3◦ C < T < 18.0◦ C, and
the threshold for non-limiting soil water conditions at SW > 16.0%. Optimal light conditions were defined for days when values rise above the monthly 80th percentile. We
define night-time as time periods when PPFD < 20 µmol(CO2 ) m−2 s−1 . When we use
normalized GPP values in our analyses, we normalize GPP values yearly by its annual
98th percentile.
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2.3.4

The model setup

The forest model was run with daily time steps for three different parameterizations:
literature-based (M1), numerically calibrated (M2), and filter-based (M3) parameterizations (Tab. 2.2). The literature-based parameterization (M1) is based on Bohn et al.
[2014] for a spruce forest where the parameter values are derived from inventory data
and the literature. The soil parameter values were adapted to the clay loam soil type as
in Maidment [1993]. The calibrated parameterization (M2) is based on parameters derived from a numerical calibration against the NEE, GPP, and respiration data [Lehmann
and Huth, 2015, , see A for details]. The filter-based parameterization (M3) arose from
filtering the EC data (same data as used for calibration of M2) for optimal climatic conditions (see Observational data and data filtering) to isolate individual processes. Model
functions were directly fitted through filtered data to derive new parameter values and
a new temperature reduction curve (Eq. 2.4).
All model setups were initialized according to the inventory data for Wetzstein and
Tharandt (Tab. 2.1). Trees were spread equally over the 25 patches of the 1 ha model
area (at Wetzstein, 410 stems ha−1 with a mean stem diameter of 0.33 m). The deadwood pool was filled with 4.14 tC ha−1 (Wetzstein inventory, personal communication
from Martina Mund, University of Goettingen). The fast-decomposing soil stock was initialized with 2.0 tC ha−1 , and the slow-decomposing soil stock with 1.5 tC ha−1 (means
in the climax stage of long-term simulations). The simulation period at the Wetzstein
site was from 2003 to 2008 and at Tharandt from 1999 to 2004. All model simulations
were deterministic since none of the model setups included recruitment or stochastic
mortality.

2.4

2.4.1

R E S U LT S

Simulation of daily carbon fluxes at Wetzstein forest

The measured and modeled (parameterization M1) GPP and respiration at Wetzstein
forest for the dry year 2003 are shown in Fig. 2.1. The forest model performed well
for daily GPP. It reproduced the seasonal cycle and the daily fluctuations showed similar magnitudes to those observed. Differences were observed during times of low soil
water availability, very low and high temperatures and bright days. In late summer (JulySeptember), the simulated respiration diverges from the observational data. In general,
simulated respiration shows stronger fluctuations than the observed respiration.
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Figure 2.1: Time series of the daily observed and simulated data for 2003 at Wetzstein. Observed
(grey line) and modeled (M1, black line) (a) GPP and (b) respiration (R) of the
ecosystem with the literature-based parameterization. Time series of the observed
(c) daytime temperature (T), (d) soil water content (SW), and (e) daytime PPFD.

2.4.2

Simulation of carbon fluxes at Wetzstein forest for three different parameterizations

We compared the simulations of all three model versions with the observed fluxes at
Wetzstein at the daily time scale (Tab. 2.3, Fig. 2.2). The correlation is best for the numerically calibrated parameterization (M2), closely followed by the filter-based parameterization (M3). Simulated respiration correlates with the observed values with an R2 of
0.44-0.54, NEE with an R2 of 0.63-0.66. Simulated and observed GPP values match best
with an R2 of 0.73-0.82. High GPP values above 30 tC ha−1 a−1 can only be reached
with the filter-based parameterization (M3, Fig. 2.2).
In a second step, we calculated annual GPP, NEE, and respiration for the Wetzstein forest
(Fig. 2.3a). The simulated annual NEE values fit the observed annual values best for the
calibrated parameterization (M2, deviation from observed data by 3.5% for average
values throughout the simulation years). The simulated annual GPP fits quite well and
only diverges from the observed data by 0.8% for the calibrated (M2) and 2.6% for
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Figure 2.2: Simulated vs. observed ecosystem carbon fluxes (NEE, GPP, and respiration) at
Wetzstein for the three parameterizations for 2192 simulated days.

the filter-based (M3) version, simulated respiration by 0.3% (M2) and 0.9% (M3). The
literature-based model version clearly underestimates all ecosystem fluxes.

2.4.3

Simulation of carbon fluxes at another spruce forest

We applied the forest model to another spruce forest (Tharandt) for the years 1999-2004
(Fig. 2.3 b). The model parameters were the same as at Wetzstein. Only the climate input
and the initialization of the forest model (forest state based on inventory data) were
adapted to the site.
Both, the filter-based (M3) and calibrated (M2) model version, performed well for the
daily GPP (R2 = 0.61 (M2), R2 = 0.61 (M3), RMSE = 8.83 tC ha−1 a−1 (M2), and
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Figure 2.3: Annual ecosystem carbon fluxes (NEE, GPP and respiration) for the three parameterizations: literature-based (M1, dashed), calibrated (M2, dotted) and filter-based (M3,
solid), and the observed data (circles) for (a) the Wetzstein site and (b) the Tharandt
validation site.

RMSE = 9.57 tC ha−1 a−1 (M3), Tab. 2.3). The simulated respiration was even better
than at Wetzstein, at the daily scale (R2 = 0.62), the NEE performed worse at Tharandt
than at Wetzstein (R2 = 0.38).
The annual simulated GPP is best for the calibrated (M2) and filter-based (M3) parameterizations (2% and 7% deviations). In April 2001, the tree density was reduced by 30%
(at Tharandt and in the forest model), which is reflected in the lower GPP values after
2001. In the dry year 2003, the simulated annual GPP is 0.47 tC ha−1 lower than in the
previous year for the calibrated model version (M2) and 1.37 tC ha−1 lower for the filterbased (M3). The observed GPP in 2003 is 1.87 tC ha−1 lower than in 2002. The annual
carbon budget (NEE in Fig. 2.3 (b)) matches the observed budget well (M2: mean deviation of 20% from observations, M3: deviation of 16%). Note that NEE is the balance
between GPP and respiration and the bias is consequently more sensitive. Respiration is
partly overestimated for the model versions M2 and M3 (deviations of 14% and 19%).

2.4.4

Limiting factors for productivity

As an example, we analyze here the GPP limitation due to temperature (Fig. 2.4). Daily
GPP values were normalized and filtered for optimal soil water conditions and sunny
days to distinguish them from days with other limitations. Filtered, normalized data
thus represent the reduction factor due to temperature.
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On colder days, the literature-based model (dashed line) shows a reduction in GPP which
seemed stronger than the observed. For example, at the freezing point, the observed GPP
was reduced to 20% of its optimum, whereas the model reduced the GPP to nearly 0.
For higher temperatures, the observed data show a reduction of photosynthesis starting
at 20◦ C, whereas the literature-based parameterization barely showed a reduction in
photosynthesis until 30 ◦ C was reached. For the calibrated model version, the reduction
curve showed a steep slope at 0 ◦ C, attained its highest values between 3◦ C and 20◦ C
and reached zero at 30 ◦ C. The solid black line shows the best fit of the bell-shaped
curve (Eq. 2.4) through filtered EC-data.
We further analyzed the relationships between the PPFD and productivity, temperature
and respiration, as well as the soil water and productivity (see Appendix and Tab. 2.1
for the derived filter-based parameter values).

all
filtered
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M2 calibrated
M3 filter-based

Norm. GPP

1.4
1.2
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0.8
0.6
0.4
0.2
0.0

20
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10 20
Temperature ( ◦ C)

30

Figure 2.4: Temperature limitation of photosynthesis at Wetzstein. Parameter values are listed
in Tab. 2.2. The three parameterizations are the literature-based (dashed) and the
calibrated (dotted) parameterizations with the original function (Eq. 2.3), and the
filter-based parameterization with the new formulation (Eq. 2.4). The observed, daily
mean temperature values of the Wetzstein site were filtered for optimal soil water and
light conditions and normalized (see section 2.3.3).
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Table 2.2: Model parameter values for the literature-based (M1) with references (ref.), calibrated
(M2), and filter-based (M3) model version.
Parameter

M1

ref.

M2

M3

Productivity
pmax

maximum photoproducitvity of leaf
[µmol(photons) m−2 s−1 ]

8.9014

[Bohn
2014;
1998]

et
al.,
Sonntag,

5.67

10.98

α

slope of light response curve
[µmol(photons) m−2 s−1 ]

0.0402

[Bohn
2014;
1998]

et
al.,
Sonntag,

0.15

0.08

Temperature
TCO2low

min. temperature for photosynthesis
[◦ C]

−2

[Bohn
et
al.,
2014; Sitch et al.,
2003]

−7.82

-

TCO2high

max. temperature for photosynthesis
[◦ C]

38

[Bohn
et
al.,
2014; Sitch et al.,
2003]

31.59

-

Tcold

mean temperature of coldest month
[◦ C]

10

[Bohn
et
al.,
2014; Sitch et al.,
2003]

8.47

-

Thot

mean temperature of warmest month
[◦ C]

18.9

[Bohn
et
al.,
2014; Sitch et al.,
2003]

12.0

-

Topt

optimal temperature for photosynthesis
[◦ C]

-

-

-

14.22

Tsig

width of new temperature curve
[◦ C]

-

-

-

12.83

Q10

constant for temperature dependent respiration

2.3

[Bohn
et
al.,
2014; Piao et al.,
2010]

1.52

1.52

Tref

reference temperature
[◦ C]

10.1

[Bohn
2014]

12.61

15.06

SWpwp

permanent wilting point [vol-%]

19.7

[Maidment,
1993]

14.0

9.5

SWfc

field capacity [vol-%]

31.8

[Maidment,
1993]

40.0

20.7

et

al.,

Water
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Table 2.3: R2 and root mean square error (RMSE, in tC ha−1 a−1 ) at the calibration and validation sites. Simulated fluxes are compared to observed values at the daily time scale
(scale of the simulation output).
Wetzstein

Tharandt

(calibration site)

(validation site)

R2

RMSE

R2

RMSE

lit.-based (M1)

0.73

7.91

0.59

10.47

calibrated (M2)

0.82

5.39

0.61

8.83

filter-based (M3)

0.80

5.72

0.61

9.57

lit.-based (M1)

0.44

6.31

0.58

5.14

calibrated (M2)

0.54

4.64

0.62

4.92

filter-based (M3)

0.53

4.73

0.62

5.12

lit.-based (M1)

0.63

6.25

0.30

7.90

calibrated (M2)

0.66

5.43

0.38

6.87

filter-based (M3)

0.65

5.42

0.38

7.62

GPP

Respiration

NEE

2.5

2.5.1

DISCUSSION

Simulating carbon fluxes at daily and yearly time scales

We analyzed the overall model performance for three parameterizations at the daily scale
(Tab. 2.3, Fig. 2.2) and the annual scale (Fig. 2.3). At the Wetzstein site, the forest model
performed best for the numerical calibration. This performance is not surprising since
the calibration method aims for the least error [Lehmann and Huth, 2015]. In any case,
it is satisfying that we found a parameter combination that reproduces the observations
with such good performance at the daily and annual time scales. This shows that the
simplifications assumed in this forest model are sufficient to reproduce the complex interactions of climate and ecosystem fluxes even with the literature-based model version
(M1). By comparison, LPJ-Guess simulated daily GPP with a similar performance (RMSE
of 6.50-8.94 tC ha−1 a−1 and R2 of 0.62-0.72) for a pine stand in the Netherlands in a
similar study [the range results from different model setups, Vermeulen et al., 2015].
Simulated respiration shows a stronger bias than GPP. The deviation from the observed
data can be explained in several ways. On the one hand, respiration is strongly coupled to GPP in the forest model. Consequently, strong GPP fluctuations induce strong
fluctuations in respiration which is also seen at Tharandt. On the other hand, observed
respiration shows a rather smooth curve (Fig. 2.1 b), which is a consequence of the
flux-partitioning method that derives respiration from the measured NEE [Reichstein
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et al., 2005]. Respiration data thus arise from a modeling approach. The forest model
additionally uses a simplified soil module [as in SEIB-DGVM, Sato et al., 2007]. Some
of the rhizosphere processes are neglected, such as the release of organic compounds by
roots [Nguyen, 2009]. Rhizomicrobial respiration might have effects on short-term CO2
efflux but should have no effect on the long-term carbon stock in the soil [Kuzyakov,
2006]. Also, note that different forest histories, such as different forest management at
Wetzstein and Tharandt, might thus lead to different soil pools and respiration rates.
The fact that the soil carbon pool of the forest model was initialized with a soil pool in a
steady state might lead to an overestimation of ecosystem respiration at Tharandt.
The simulation results of Tharandt after the dry year 2003 show that the filter-based
version (M3) reproduced the drought and heat event of 2003 better than the calibrated
version (M2). Hence, parameter values of individual processes of the filter-based version
(M3) might be more appropriate than the calibrated ones (M2) although the overall
performance of M2 is better than the performance of M3 (Tab. 2.3). This might indicate
that the numerical calibration compensates individual processes of extreme events to
achieve an overall best performance throughout all simulation years while the filterbased version aims for the best parameterization of individual processes.
The overall performance of all parameterizations let us conclude that carbon fluxes of
forest ecosystems can also be modeled with individual-based models. The characteristic
of simulating each individual tree has the advantage to investigate in plant-population
dynamics, forest structure, and their interaction with carbon dynamics in future studies.

2.5.2

Analyzing limiting factors for productivity with the help of EC data

To test whether the parameter values (M1, M2) correctly describe the limiting factors of
photosynthesis and respiration in the forest model, we filtered the EC data. The filtering
singled out time steps that are mainly influenced by a single constraint such as temperature or water stress. This approach resulted in an additional parameterization of the
forest model for which the functional relations between the variable climate and model
processes were directly fitted through the filtered data (M3). As an example, we here
discuss the relationship between temperature and productivity. The other relationships
are discussed in detail in appendix A.
The relationship between the measured GPP and temperature (Fig. 2.4) showed that the
literature-based parameterization, which was validated for long-term simulations [Bohn
et al., 2014], underestimated GPP for low and overestimated it for high temperatures.
The function was taken from the LPJ model [Sitch et al., 2003]. In LPJ, the function was
applied as a “bulk” temperature-response function for different plant functional types in
temperate forests to reproduce the current vegetation distribution (Stephan Sitch, personal communication). In FORMIND, this function seems to be sufficient to estimate the
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current mean carbon budgets from long-term simulations [Bohn et al., 2014], but the
model version is not able to display inter-annual changes correctly. A similar study, that
tested the temperature-response curve in LPJ-Guess in a pine stand, concluded that the
curve needs to be shifted to lower temperatures [Vermeulen et al., 2015]. This finding
also agrees with the fact that trees can photosynthesize down to a temperature of about 5 ◦ C (root zone temperature), while growth seems to stop at approximately 0 ◦ C [Körner
and Paulsen, 2004]. The numerical calibration experiment also shows that shifting the
curve towards lower temperatures results in a better fit to the observed data. The EC
data indicate photosynthetic activity down to about -10 ◦ C. This is plausible considering
that the air temperature is generally lower than temperature in the root zone during winter. In addition, the trees at the Wetzstein site are adapted to low temperatures and cold
winter conditions due to the elevation. Note, that positive ecosystem GPP does not necessarily implicate tree growth since respiration compensates for GPP at low temperatures
and low PPFD in the forest model.
GPP was not limited due to high temperatures with the literature-based parameterization (M1). High temperatures might go along with a vapor pressure deficit limitation
[Körner, 1994; Lasslop et al., 2010], which is not considered in our model approach.
This assumption is supported by the results of the numerical calibration (the limiting
factor is 0 at 31.6 ◦ C). This reduction in temperature might compensate for the missing
vapor pressure deficit limitation.
Since the original reduction curve did not fit the filtered data, we introduced a new
functional relationship for the temperature reduction factor (Eq. 2.4, methods). The new
curve originates from a normal distribution that describes the temperature dependence
of the photosynthetic electron transport rate [June et al., 2004]. A completely normal
distribution (n = 2) led to a very small plateau in the temperature reduction function,
which means a small range of optimal temperature conditions. n = 4 led to a much
wider range of optimal conditions. An advantage of the introduced function is that it
uses only two instead of four parameters. We therefore suggest using the less complex
bell-shaped curve for future studies.
The fact that the original temperature curve could not be fitted through filtered data
properly supports the assumption that a pure calibration against ecosystem fluxes does
not necessarily result in optimal parameter values of the individual model processes. We
can conclude that eddy covariance data and the filtering-approach can give important
insights into the correct parameterization of model processes (the limiting factors).

2.5.3

Sources of uncertainty

This study comes with a variety of uncertainties from various sources that must be considered. The first source of uncertainty comes from the EC data. NEE is measured at a
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half-hourly scale. However, it comes with data gaps that are filled to compare the observed data with the simulated data at a daily time scale. The gap-filled NEE is based on
a modeling procedure [Reichstein et al., 2005]. At the Tharandt site, for example, the
uncertainty of the gap filling methods is up to 10% [Grünwald and Bernhofer, 2007]. In
addition, GPP and respiration are not directly measured, but are partitioned from the
NEE, which is based on another modeling procedure [Reichstein et al., 2005]. When we
analyzed the drought event of 2003 at Tharandt, we found that GPP was 1.87 tC ha−1
less than in the previous year. A multi-site study on the event in 2003 reported a reduction of 2.08 tC ha−1 at Tharandt [Ciais et al., 2005]. These deviations demonstrate
the uncertainties implied by gap filling and the partitioning of EC data, especially at the
annual time scale.
The second potential source of uncertainties comes from the filtering method and the
concept of limiting factors. The forest model, and thus also the filtering method, consider only temperature and water as limiting factors. The vapor pressure deficit and
its influence on productivity (as in BIOME-BGC [Kimball et al., 1997], 3PG [Landsberg
and Waring, 1997]), for example, is not considered. However, we still assume that the
filtered data are reasonable for singling out different constraints in forest productivity.

2.6

CONCLUSION

The model version, that is only based on literature values [M1, Bohn et al., 2014], is capable of reproducing the seasonal cycle and daily fluctuations of carbon fluxes. However,
this model version underestimates carbon fluxes at both spruce stands on the annual
time scale. The calibrated model version (M2) derived from a numerical calibration
[Lehmann and Huth, 2015] against the observed NEE, GPP, and respiration performs
best at the daily and annual time scales. Deviations of the individual processes from
the observed data seem to compensate each other, so that, in sum, they reproduce the
observed net fluxes well. The third parameterization resulted from a fit through filtered
data (M3). We identified a new functional relationship between temperature and GPP.
Its mean performance at both sites differs only slightly from the calibrated parameterization, but it shows a closer match to observations for the extreme event at Tharandt in
2003. This shows that we should not blindly trust in a numerical calibration, although
its overall performance is best.
The presented filter method improved carbon flux estimates for both spruce stands by
improving the model processes. The consideration of the individual limiting factors for
productivity (Fig. 2.4, Fig. A1) is essential to correctly reveal the impact of inter-annual
climate variations on carbon fluxes. Therefore, we favor the filter-based model version
for future studies. We can conclude that an individual-based forest model is a valuable
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tool that allows analyses of daily and yearly carbon fluxes in addition to the traditional
analyses of forest successions and biomass.
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FOREST STRUCTURE OF THE AMAZON
R A I N F O R E S T: L I N K I N G A F O R E S T G A P
MODEL, REMOTE SENSING AND FIELD
I N V E N T O RY

This chapter is based on the publication Rödig et al. [2017a]:
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biomass and forest structure of the Amazon rain forest: Linking remote sensing, forest
modelling and field inventory. Global Ecology Biogeography, 26:1292–1302
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3.1

ABSTRACT

Aim: Estimating the current spatial variation of biomass in the Amazon rainforest is
a challenge and remains a source of substantial uncertainty in the assessment of the
global carbon cycle. Precise estimates need to consider small-scale variations of forest
structures resulting from local disturbances, on the one hand, and require large-scale
information on the state of the forest that can be detected by remote sensing, on the
other hand. In this study, we introduce a novel method that links a forest gap model and
a canopy height map to derive the biomass distribution of the Amazon rainforest.
Location: Amazon rainforest.
Methods: An individual-based forest model was applied to estimate the variation of
above-ground biomass across the Amazon rainforest. The forest model simulated individual trees and hence, allowed for the direct comparison of simulated and observed
canopy heights from remote sensing. The comparison enabled the detection of disturbed
forest states and the deviation of a simulation-based biomass map at 0.16 ha resolution.
Results: Simulated biomass values ranged from 20 to 490 t (dry mass) ha−1 across
7.8 Mio km2 of Amazon rainforest . We estimated a total above-ground biomass stock of
76 GtC with a coefficient of variation of 45%. We found mean differences of only 15%
when comparing biomass values of the map with 114 field inventories. The forest model
enables to derive additional estimates such as basal area and stem density.
Main conclusions: Linking a canopy height map with an individual-based forest model
enables to capture the spatial variation of biomass in the Amazon rainforest at high
resolution. The study demonstrates how this linkage also allows for quantifying the spatial variation in forest structure caused by tree-level to regional-scale disturbances. It
thus provides a basis for large-scale analyses on the heterogeneous structure of tropical
forests and their carbon cycle.

3.2

INTRODUCTION

Observing the dynamics of terrestrial biomass is a great challenge and one of the major
sources of uncertainties in the global carbon cycle [Le Quéré et al., 2016]. In particular,
tropical forests are sensitive to anthropogenic disturbances such as deforestation or logging that cause large-scale forest degradation [van der Werf et al., 2009]. The Amazon
rainforest is the largest intact tropical forest with a share of around 18% of global forest
area [Hansen et al., 2010]. Robust estimates of its above-ground biomass (AGB) and forest structure are essential to correctly budget carbon emissions. However, above-ground
biomass (AGB) estimates diverge by a factor of two for the Amazon rainforest, ranging
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from 38.9 to 93 PgC [Houghton et al., 2001; Malhi et al., 2006; Saatchi et al., 2007,
2011].
The large spread of the above-ground biomass estimates arises from diverse methodological approaches at different spatial and temporal scales: ground-based measurements,
remote sensing, a combination of both, and modeling. On the one hand, ground-based
measurements (forest inventories that are mostly at the plot scale of ∼1ha and census
intervals of one year or more) are interpolated in order to display spatial distribution of
biomass [Malhi et al., 2006; Johnson et al., 2016]. Since the number of observations is
limited, it is uncertain how representative these samples are for the whole basin [Chave
et al., 2004; Marvin et al., 2014; Réjou-Méchain et al., 2014]. Therefore, ground-based
measurements are often linked with remote sensing products that capture the state of
forests, in order to derive static maps of above-ground biomass [e.g. 1 km2 resolution
in Saatchi et al., 2011; Avitabile et al., 2016]. Modeling approaches, on the other hand,
such as dynamic global vegetation models (DGVMs), simulate the temporal dynamics
of biomass at regional scales [e.g., Sitch et al., 2003]. Such models are applied for,
e.g., investigating the impact of climate change on Amazon rainforest ecosystems [e.g.,
Huntingford et al., 2008; Rammig et al., 2010] and can be useful to provide hypotheses for the underlying mechanisms that drive biomass distribution and dynamics [e.g.,
Hofhansl et al., 2016]. Depending on the resolution of the climate input, these models
mostly cover large-scale patterns of mature forests at a spatial resolution of more than
10 km2 . Thus, they may not capture forest structures and dynamics at small scales, e.g.,
the individual tree level and effects of logging. This may be a reason for the divergence
[simulated maps in Johnson et al., 2016] from maps that combine remote sensing and
ground observations [Saatchi et al., 2011; Baccini et al., 2012; Avitabile et al., 2016].
There is clearly a need of combining remote sensing products and vegetation models
in order to broaden our knowledge on the dynamics, structures and carbon stocks in
the Amazon rainforest. Here, we present a method to bridge this gap by linking remote
sensing data with an individual-based forest gap model [FORMIND, Köhler and Huth,
2004; Fischer et al., 2016].
Individual-based forest gap models are normally applied at the local scale to reproduce
successional dynamics and forest structures [e.g., Botkin et al., 1972; Shugart, 1984;
Bugmann, 2001; Shugart et al., 2015]. In contrast to DGVMs, forest gap models simulate processes of tree growth, establishment and mortality for each tree individually.
This concept enables the projection of forest succession, vertical and horizontal heterogeneity, competition between individuals, and disturbances due to stem-based mortality.
Individual-based forest models thereby depict forest structure more closely than areabased models [Smith et al., 2008].
In the present study, we expand the forest gap model FORMIND from the local scale
(stand level) to the regional scale (entire Amazon rainforest). This regionalization im-
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plies some model adaptations. First, we adapt the model’s mortality parameters that
influence tree species composition across the Amazon. We find that annual precipitation
and clay fraction is a potential proxy for tree mortality rates in our forest model. This
relation is supported by observations made in the field [Quesada et al., 2012; Galbraith
et al., 2013; Malhi et al., 2015]. The adapted individual-based forest gap model is then
applied across the Amazon to simulate all potential successional stages and related tree
heights.
Second, we assume that canopy height is a good indicator for the successional stage
of a forest site [Dubayah et al., 2010]. We use remotely sensed canopy heights from
a high resolution (1 km2 ) wall-to-wall map derived from spaceborne LIDAR [Simard
et al., 2011] as a proxy for the successional state of the forest [inspired by Ranson
et al., 2001; Hurtt et al., 2004]. We then link the observed with the simulated canopy
height and successional stage of our forest gap model to derive the amount of aboveground biomass stored at each location. Combining both tools results in a new, highresolution, simulation-based AGB map of the Amazon rainforest that takes natural and
anthropogenic disturbances into account.
The following research questions will guide us through the study:
(1) What is the benefit of linking remote sensing data and a forest model?
(2) How well does simulated AGB represent ground observations?
(3) How does forest structure influence the spatial distribution of AGB in the Amazon
rainforest?

3.3

3.3.1

METHODS

The individual-based forest gap model

The individual-based, forest gap model FORMIND [Köhler and Huth, 2004; Fischer et al.,
2016] was developed specifically for the simulation of tropical forests. Tree species are
assigned to plant functional types (PFTs) in order to represent forests of high diversity.
Forests can thereby develop through different successional stages. In FORMIND, tree
growth is mainly driven by light (photosynthetic photon flux density (PPFD)). Four main
processes are calculated for each tree individually in each time step: establishment, competition for light, growth and mortality (Fig. 3.1, for more details see B1). An individual
tree can establish if there is sufficient space and light. Since a tree grows individually,
each tree competes for space and light. Growth of each tree results from its carbon balance including photosynthetic production and respiratory losses. Mortality of a tree is
stem diameter-dependent and is determined stochastically. Traditionally, a forest gap
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model is applied at the local scale (< 50 ha). The forest site is divided into equally
distant 20m x 20m patches (‘gaps’). Within each patch, trees have no explicit position.
As a first step, FORMIND was applied to local forest stands in central Amazon where
detailed forest inventory data were available (stem size distributions of different successional stages in the Amazon basin [Brondizio and Moran, 2009]; in climax stage near
Manaus [Kunert et al., 2015]. Species were assigned to three plant functional types
(early, mid and late successional trees). FORMIND was found to reproduce observed
biomass and stem size distributions of the different successional states (see Appendix
B1, Tab. B2 and Fig. B3 for parameterization of the basic forest model).

3.3.2

The regional individual-based forest gap model

Expanding the forest model from the local scale (stand level) to the regional scale (entire Amazon rainforest) implied some model adaptations. Preliminary tests showed that
driving the model by spatially variable PPFD [WFDEI Forcing Data, Weedon et al., 2014]
alone is not sufficient to reproduce different species (here PFTs) compositions across the
Amazon rainforest. Supported by literature [Castanho et al., 2013; Galbraith et al., 2013;
Malhi et al., 2015], we found that we can adapt the forest model’s mortality parameter
of shade tolerant, late successional trees to reproduce inventory data correctly. This key
parameter was calibrated [Lehmann and Huth, 2015, , see B1 for calibration method
and objective function] to simulate above-ground forest biomass, mean wood density
and basal area information of 180 mature forest sites [based on data of Lopez-Gonzalez
et al., 2011; Mitchard et al., 2014]. The mortality rate of the shade tolerant species
(PFT3) was the most dominate driver for structural differences so that we calibrated
only this mortality parameter to simplify the procedure. The calibration resulted in 180
different parameter sets (one mortality parameter for PFT3 (late successional trees) per
site). The calibrated mortality parameters were correlated to local characteristics such
as climatic conditions (precipitation, length of dry season, climatic water deficit) and
soil properties (classification and chemical properties) which were derived from global
maps (Tab. B6).
We investigated intensively linear (Appendix Tab. B4) and multivariate (Appendix Tab. S.
B5) linear regressions between calibrated parameters and 40 local conditions. The calibrated mortality parameters were best replicable with a linear function driven by precipitation and clay fraction (as a representative for soil type). This relation is supported
by field observations which state that tree mortality might be related to drought characteristics [Malhi et al., 2015] and soil physical properties [Quesada et al., 2012]. Note,
that the analysis was restricted to climatic and soil conditions that were available as
Amazon-wide, continuous maps. Nutrients in soils were not considered in the analysis. FORMIND was extended by the input annual precipitation [derived from WFDEI,
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Weedon et al., 2014] and clay fraction [Wieder et al., 2014] as a proxy for mortality.
Mortality is reduced with rising precipitation and clay fraction (see Appendix B1 for
function and parameter values). Our regionalization method was inspired by regionalization techniques commonly used in hydrology where model parameters are linked
with land surface properties [Blöschl and Sivapalan, 1995; Samaniego et al., 2010].

3.3.3

Large scale simulations of the Amazon rainforest

We applied the adapted forest model on the entire Amazon rainforest as is defined by the
following criteria [as in Malhi et al., 2006]: all forest plots are located at an elevation below 1000 m; they are categorized as rainforest or moist deciduous rainforest (according
to the FAO definition) and have an annual mean temperature above 18 ◦ C. In this study,
we considered additionally only forest plots that have a mean maximum canopy height
above 10 m. Global and regional datasets (climate, soil properties, canopy height map,
Appendix Tab B6) used in this study were processed with the Climate Data Operators
[CDO, 2015].
In order to reduce computational efforts, we classified the study region into regions of similar environmental conditions: mean annual precipitation (8 classes:
[0-500,500-1000,. . . ,3500-4000] in mm a−1 ), clay fraction (10 classes: [0-0.1,0.10.2,. . . ,0.9-1]) and mean annual PPFD (13 classes: [670-690 , 690-710, ..., 970-990]
in µmol m−2 ha−1 ). This resulted in 1040 regions in total, to which we refer as ‘response units’ (Appendix Fig. B13). The assumption is that forest dynamics are similar
within each response unit due to similar input conditions [inspired by the concept of
’hydrological respose units’ in Flügel, 1995]. FORMIND was used to simulate forest succession from bare ground to climax stage over 1000 years on an area of 1 km2 (100 ha)
for each response unit. In total, we simulated growth of more than 50 Mio individual
trees (stem diameter > 10 cm) spread over 1040 km2 of forest. The calculations were
performed in parallel (per 1km2 ) on a Linux-based computer cluster (simulation time
< 20 min on 1000 cores). According to local environmental and soil conditions, we assigned the simulation results of the response units to each 1km2 grid cell of the Amazon
rainforest.

3.3.4

Linking remote sensing data and the forest gap model to identify forest successional
states

After 300-500 years of simulation, the simulated forests in all regions within the Amazon
rainforest reach climax stage where dynamics are driven by tree mortality caused by
tree fall or crowding. In the following, we refer to simulations in climax stage as the
‘undisturbed scenario’. We linked our simulation results and a wall-to-wall canopy height
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Figure 3.1: The five working steps to derive regional maps from an individual-based forest gap
model in combination with remote sensing data: (1) run the forest model on 1 km2 to
equilibrium driven by local photosynthetic photon flux density (PPFD), precipitation
and clay fraction, (2) assign the simulations to the grid cells of the Amazon rainforest
according to similar input, (3) link canopy height of remote sensing data at each
location with the forest simulations to identify the successional stage, (4) extract
other simulated forest attributes at the same successional state (e.g., above-ground
biomass). (2)-(3) is performed for every 1 km2 grid cell within the Amazon rainforest
to finally (5) derive forest maps.

map [Simard et al., 2011] in order to identify the actual successional state of forests
caused by larger disturbances such as logging, deforestation, or blow-downs (Fig. 3.1).
The canopy height map was derived from remotely-sensed LIDAR data (2005 data from
the Geoscience Laser Altimeter System (GLAS)) and has a resolution of 1 km2 .
For each grid cell, we identified the time steps (within simulation years 0-1000) of the
forest simulation when simulated canopy height was equal to the observed, static value
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Figure 3.2: (a,b) Exemplary, mean above-ground biomass (AGB) of 1 km2 over time (solid lines)
for the three plant functional types (early, mid and late successional trees) from bare
ground to climax stage for: (a) annual precipitation (P) of 1000 m a−1 , clay fraction
of 30% and photosynthetic photon flux density PPFD = 720 µmol m−2 ha−1 , (b)
annual precipitation of 3000 m a−1 , clay fraction = 30% and PPFD = 720 µmol m−2
ha−1 . Mortality is driven by precipitation and clay fraction which results in different
forest structures. The shaded range around mean AGB shows the spatial variation
(95% quantile) of 100 ha plots (100 individual 1 ha plots in 1 km2 ). (c) Total AGB of
all 40 m x 40 m plots within 1 km2 (simulation time of 1000 years) over its maximum
canopy height, exemplary for two response units. The shaded range around AGB
results from the different time steps when the maximum canopy height is reached.

of the canopy height map. The simulations then provide additional forest attributes at
the identified time steps such as AGB (Fig. 3.2 (c)), basal area or tree density. It is hence
possible to derive regional maps of, for example, AGB for the Amazon rainforest. In the
following, we refer to this simulation as ‘disturbed scenario’. The ‘disturbed scenario’
describes the current state of the Amazon, while the ‘undisturbed scenario’ describes
the potential biomass of the Amazon under current mean climate (Fig. 3.4, Appendix
Fig. B14). The potential biomass of the ‘undisturbed scenario’ is derived by calculating
the mean biomass over years 500-1000 of the simulation (forest in mature state). We
also tested a model version for which we hold the mortality rates constant throughout
the entire Amazon rainforest, we refer to as ‘disturbed scenario with constant mortality’.
The AGB map was validated with data of 114 independent field inventories of different
successional states [Houghton et al., 2001; Mitchard et al., 2014; Poorter et al., 2015].

3.3.5

Spatial resolution of the approach

The smallest resolution of the approach is the individual tree which grows within a 40m
x 40m patch. From this, we can derive frequency distributions for AGB for the Amazon
at different spatial resolutions (0.16 ha, 1 km2 ). The derived AGB map is shown at 1
km2 resolution which corresponds to the resolution of the used remote sensing product
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Figure 3.3: Map of aboveground biomass (stem diameter > 10 cm) in the Amazon rainforest
(South American rainforest with elevation < 1000 m) and relative frequency distributions (right) at 1 km2 resolution and at 20 m x 20 m resolution (smallest resolution
of forest model) simulated with an individual-based forest model. Successional stages
within the simulation were identified via a canopy height map.

(canopy height map). Hence, it represents the simulated AGB values at 1 km2 resolution
by taking the mean over all 40 m x 40 m patches (625 patches which correspond to
100 ha = 1 km2 ). We identify the forest state at which the three highest trees within
40m x 40m (∼footprint size of LIDAR) equal the height of the canopy height map [the
canopy height map was validated with the three highest trees in 20 m radius in Simard
et al., 2011].

3.4

R E S U LT S

The individual-based forest gap model enabled the simulation of forest dynamics and
succession over time. Different environmental conditions have an influence on tree mortality rates. This causes different species compositions across the Amazon rainforest
which can be represented by the ratio between early, mid and late successional trees
(Fig. 3.2 (a,b)). In the forest simulations, late successional trees clearly dominate the
forest in regions of high precipitation/clay fraction while species composition is more
balanced in regions of lower precipitation/clay fraction.
Linking simulated data with the canopy height map of Simard et al. [2011] resulted
in an AGB map at 0.16 ha to 1 km2 resolution (Fig. 3.3, coefficient of variation in
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Figure 3.4: Frequency distribution of simulated aboveground biomass (AGB) for the simulated
undisturbed scenario (mature forests, steady state of simulations) and disturbed scenario (linked to canopy height map).

Fig. B5). The mean simulated AGB (dry mass) stored in South American tropical rainforests (elevation < 1000 m) is 222 t ha−1 ; in total 76 PgC on 7.8 Mio km2 . Our
AGB map (Fig. 3.3) shows a pronounced gradient between regions of high biomass
density in northeastern and lower in southern Amazonia. Highest values are estimated
for the north-eastern Guiana Shield and around the east Amazon delta with AGB up to
490 t ha−1 . AGB is slightly lower in central Amazon rainforest along the Amazon river.
In western Amazon, biomass distribution strongly varies with peaks of up to 44 t ha−1 .
At the northern and southern edges, biomass is reduced due to deforestation. We estimated mean AGB values (and standard deviation) for four regions across the Amazon
basin [regions according to Feldpausch et al., 2011]: Western Amazon 239±99 t ha−1 ,
Brazilian Shield 170±102 t ha−1 , East Central Amazon 226±77 t ha−1 and Guiana
Shield 264±82 t ha−1 .
Our AGB map considers human-induced and natural disturbances identified via canopy
heights. Across the Amazon basin, biomass ranges from 20 to 490 t ha−1 (mean 222 t
ha−1 with a standard deviation of 100 t ha−1 ). If we do not relate the canopy height
map to our simulation results, we analyze the simulated forest in an undisturbed, mature
state (Fig. 3.4, ‘undisturbed scenario’, see methods for details). In this scenario, mean
biomass is higher with 264 t ha−1 and the variability of biomass is lower with a standard
deviation of 54 t ha−1 since natural (e.g. flooding) or anthropogenic disturbances are
not considered. In the undisturbed case, total AGB is 15 PgC higher than in the disturbed
scenario.
The new AGB map was tested with observed biomass from field inventories [Houghton
et al., 2001; Lopez-Gonzalez et al., 2011; Mitchard et al., 2014; Poorter et al., 2015, ;
Fig. 3.5]. On average, our model approach underestimates observed biomass by about
15% (R2 =0.41). If several inventories were located within one grid cell (1 km2 ) they
were summed up to larger sample sizes. Note that these samples are not necessarily
connected to each other’s. Values of sample sizes greater than 4 ha [suggested size of
field calibration plots in Réjou-Méchain et al., 2014] match particularly well with a root
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Figure 3.5: Comparison of simulated above-ground biomass (AGB, closest location to inventory
in AGB map, Fig. 3.3) and observed AGB at 114 field inventories [Houghton et al.,
2001; Lopez-Gonzalez et al., 2011; Mitchard et al., 2014; Poorter et al., 2015].The
ranges of observed AGB (horizontal grey error bars) come from different allometries
used in Mitchard et al. [2014]. The error bars for the simulated biomass (vertical
grey error bars) result from different time steps at which the observed canopy height
matches the simulated canopy height. The dashed line is the 1:1 line. R2 =0.41; root
mean square error (RMSE) and normalized (nRMSE) for samples of sizes >4 ha and
for all points: RMSEsamplesize>4ha = 61 t ha−1 , nRMSEsamplesize>4ha =0.12, RMSEall =
73 t ha−1 , nRMSEall =0.15.

mean square error RMSEsamplesize>4ha =61 t ha−1 (normalized RMSEsamplesize>4ha =0.12)
while all together (all points in Fig. 3.5) have a RMSEall =73 t ha−1 (nRMSEall = 0.15).
We also tested a third model version (‘disturbed scenario with constant mortality’) in
which mortality was kept constant throughout the Amazon (Fig. B9). In this scenario,
mean AGB is lower with 199 t ha−1 and model performance is weaker with R2 = 0.37
(Fig. B10). The model version does not reach AGB values above 350 t ha−1 (Fig. B11).
The forest model delivers additional forest attributes such as basal area, tree densities
or stem size distributions. Fig. 3.6 (a) shows the spatial distribution of basal area (stem
diameter > 10 cm) within the Amazon rainforest with a mean of 26 m2 ha−1 and a range
between 0 and 48 m2 ha−1 . Tree densities (Fig. 3.6 (b)) range in between 0 and 920
stems ha−1 (mean is 484 stems ha−1 ). Fig. 3.6 (c) shows the stem diameter distribution
for the entire Amazon rainforest.
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Figure 3.6: Maps and relative frequency distributions of (a) basal area [m2 ha−1 ] and (b) number of stems [ha−1 ] (stem diameter > 10 cm) simulated for the Amazon rainforest
(elevation < 1000 m) with the forest model linked to a canopy height map. (c) Stem
diameter distribution of the entire Amazon rainforest on a log-log scale.

3.5

DISCUSSION

The estimated above-ground biomass varies between 20 and 490 t ha−1 across the
Amazon. This range is a result of a new regionalization approach and the combination
of ground data, a remote sensing product and a forest gap model. In the following, we
discuss the potentials and limitations of combining such information.

3.5.1

The regionalization approach

We developed a regionalization approach to transfer the local forest model to the regional scale. In this approach, we analyzed the potential drivers for biomass variations
in the Amazon. Studies agree that mortality rates drive the spatial variation of AGB
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within the Amazon rainforest [Delbart et al., 2010; Castanho et al., 2013; Galbraith
et al., 2013; Malhi et al., 2015]. We tested 40 relations between mortality rates and environmental factors (Tab. B4, Tab. B5). We obtained the best results with precipitation
and clay fraction as a proxy for mortality (regarding standard error and R2 ). Previous
studies support the assumption that a combination of climatic and soil physical conditions could drive turnover rates in the Amazon [de Castilho et al., 2006; Malhi et al.,
2006, 2015; Quesada et al., 2012]. We detected a decrease of mortality with increasing
clay fraction. This relation might arise from the fact that water retention is higher in clayrich soils as hydraulic conductivity decreases with clay fraction [Maidment, 1993].This
means that a higher clay fraction compensates partly the influence of dry periods on
mortality in our forest model. In this study, we have developed a regionalization method
that quantifies the spatial variation of mortality via a geostatistical approach. A logical
next step would be to integrate a soil water module into the forest model. Simulating
at monthly time steps might detect potential stress induced mortality events during dry
seasons. This could be an essential step for potential studies on exploring the impact
of climate change scenarios. However, the parameterization of a root zone soil water
module for the entire Amazon is challenging and requires further intensive studies.

3.5.2

Obtained distribution of AGB in the Amazon rainforest

The simulated AGB patterns across the Amazon rainforest (Fig. 3.3) are mainly driven
by two aspects: (1) the variation of forest dynamics due to regionally variable mortality
rates and (2) the variation in forest states defined by the canopy height map. The stembased mortality rates influence local forest dynamics by including small-scale disturbances due to tree fall. Hence, different mortality rates cause different tree species compositions which result in a larger spatial variation of biomass throughout the Amazon
rainforest (Fig. 3.2). Simulated mean AGB in climax stage varies between 140 and 366
t ha−1 (‘undisturbed scenario’, Fig. 3.4). This range is similar to old-growth inventories
summarized by Malhi et al. [2006]. Our simulation result of potential biomass (Appendix
Fig. B14) shows similar patterns in the east and south as in Malhi et al. [2006]. However,
the forest model produces higher values in the north-western regions due to high mean
precipitation resulting in low mortality rates (Appendix Fig. B13).
Large-scale disturbances are reflected in the canopy height map of Simard et al. [2011].
Canopy heights are lower in flooded regions along the Amazon river compared to oldgrowth terra firme stands. Pioneer trees prevail in flooded regions [Martinez and Letoan,
2007]. Deforested and secondary forest stands also occur along the ‘Arc of deforestation’
[Nogueira et al., 2007, 2008]. Such regions are represented by an earlier successional
stage in our forest model and thereby have smaller aboveground biomass in our biomass
map.
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The distribution of AGB in our map resembles in some aspects the distribution of previous AGB maps that are derived from remote sensing data [Saatchi et al., 2011; Avitabile
et al., 2016, ; Fig. B6]. Differences result from the variation of mortality rates in our
forest model that cause differences in forest dynamics. For values above 200 t ha−1 ,
AGB values are a bit lower than in the previous maps. In the Western Amazon where
precipitation and clay content is high, our simulations produce higher values. The AGB
frequency distributions show the same patterns for values below 200 t ha−1 .
Johnson et al. [2016] tested several DVGMs to derive AGB maps of the Amazon. The AGB
maps of four DGVMs all differ in its patterns and values. Other than these DGVMs that
traditionally capture undisturbed states of mature forests, forest gap models allow for
simulating through all successional states. Thus, the here presented map does not only
include mature states, but also considers early to mid-successional states by combining
the simulation with additional information from remote sensing.
Our simulated map may resemble a map of kriged observations better than the maps
produced with the four DGVMs. With our approach, we obtain high simulated AGB values in the north east and lower simulated values towards the south west. The reason
for an AGB gradient in our map lies in the nature of simulating forest structures on the
individual tree level with stem-based mortality rates. Higher mortality rates in the south
west cause stronger dynamics and thereby lower biomass values (Fig. 3.2). We hope to
get deeper insights into processes in future studies. In addition, the modeling approach
enables the consideration of natural and anthropogenic disturbances by linking simulations to remote sensing data.

3.5.3

Limitations of the approach

Limitations of the forest model. Like every model, forest models include model structure
uncertainties due to limitations in the knowledge on functional relations and due to
simplifications (e.g., the PFT concept). The comparison of the basal area map (Fig. B7)
with field data shows an overestimation by 11% while biomass is slightly underestimated (15%). Partly, this mismatch is ascribable to the assumption of just 3 PFTs for the
entire Amazon for which tree geometry (dbh-height relation) parameters are held constant. Additionally, biomass calculations based on allometric relations of field inventories
[Feldpausch et al., 2012] might differ from the one used in our simulation [based on allometries commonly used in forestry including a form factor, Pretzsch, 2010]. The trend,
however, between basal area and biomass is similar in inventory data and simulated
data (Fig. B8). This explains why the pattern of the basal area map resembles the one of
Malhi et al. [2006] regarding high values at the Guiana Shield, at the Amazon river close
to the Atlantic ocean, at the Ecuadorian boarder and in the south-west (∼71◦ W,12◦ S).
Also, note that for the comparison of biomass (Fig. 3.5), we include more inventory data
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(secondary and mature forests) than for the comparison of basal area [mature forests in
Mitchard et al., 2014].
Limitations due to climatological and soil data. Additional limitations arise from input
data. Meteorological data (PFFD and precipitation) come from an independent modeling
approach at a resolution of 0.5◦ [Weedon et al., 2014]. The clay fraction map arises from
an interpolation at 8 km resolution [Wieder et al., 2014]. It is difficult to quantify the
influence of its spatial resolution on our AGB map. We assume however that input data
are reliable to an extent that uncertainties that arise from the input data should be
smaller than structural and methodological uncertainties.
The assumption of canopy height as a proxy for successional states and disturbed forests.
This assumption is inspired by a pioneering study that linked canopy height and a forest
model to derive biomass for local forests sites in Costa Rica [Hurtt et al., 2004]. Taking
the large-scale canopy height map as a proxy for successional states has several limitations. First, the proxy is not explicit since canopy height can be associated to different
stem size distributions. The canopy height map does not provide information on the forest history, so a forest could be in a state of regrowth after anthropogenic degradation
or in a maturing state after a natural disturbance event. Second, we are aware of the
fact that the canopy height map only provides a proxy at a resolution of 1km2 and does
not capture the full spatial height heterogeneity. The canopy height map is a product of
discrete recordings by LIDAR that are transferred into a continuous map via a modeling
approach [Simard et al., 2011]. We here rely on those modeled values and assume that
they are representative. It is the best information we have at the moment to identify
large-scale successional stages within the Amazon.
It would be interesting to integrate also other satellite products into our approach, for
example the NDVI [normalized difference vegetation index, Running et al., 2004]. In
future studies, they could improve estimates of disturbed regions with lower biomass
values and lower tree densities since it is available at high resolution and could be taken
as a proxy for leaf area index. However, in dense mature forests, it is known that the
NDVI saturates and thus has limited capability to identify spatial variation [Myneni et al.,
2001; Hall et al., 2011].
Uncertainties in field inventory data. Forest inventories can include measurement errors,
coordinate uncertainties and unrepresentative sample plots [Saatchi et al., 2015]. In addition, inventory data often come from small plots (∼1ha). At such small scales, biomass
can vary strongly [Chambers et al., 2013b]. The validation of the AGB map (Fig. 3.5)
has shown that samples with a sample size > 4 ha [critical sample size in Réjou-Méchain
et al., 2014] match the 1:1 line better than samples of smaller sizes (normalized RMSE
of 0.12 vs. 0.15). In total, mean simulated AGB is 15% lower than mean observed AGB.
One reason for this underestimation of inventory values might be the ’bias towards ma-
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jestic forest stands’ for field inventories [Malhi et al., 2002], a bias that results from
selecting old-growth, gap-free inventory sites.

3.5.4

Benefits from linking remote sensing and forest models

Saatchi et al. [2015] listed the following main challenges when estimating AGB in tropical forests: (1) considering diversity in structure, wood density and dynamics and the
complexity of allometries; (2) including natural and anthropogenic disturbances; and
(3) weak relationships between environmental conditions and biomass. The authors conclude that ground and remote sensing observations need to be linked to estimate biomass
at the large scale. In this study, we additionally integrated an individual-based forest
model to estimate the AGB of the Amazon. Forest gap models, in particular FORMIND,
are developed to simulate forest structures of highly diverse tropical forests, thus addressing challenge (1) and (2). Calculating forest dynamics at the individual tree level
allows for considering complex height structure and enables the analysis of forest structures of disturbed and undisturbed sites [Köhler and Huth, 1998]. In this aspect, forest
gap models differ from several dynamic global vegetation models which handle forest
stands as an average individual and are often insufficient to capture detailed structures
of tropical forests [Johnson et al., 2016]. We tackled challenge (3) by analyzing the
influence of local environmental conditions on tree mortality rate.
Bridging the gap between different spatial scales of ground-based observations and remote sensing products with the help of an individual-based forest gap model can provide
a better understanding of heterogeneous forest structures. Since forest gap models capture the dynamics and states at the individual tree level, maps of various forest attributes
(Fig. 3.6, tree density for different tree sizes in Fig. B12) at different spatial resolutions
can be derived (> 0.16 ha for AGB in Fig. 3.3).
The approach presented here sets a foundation for further structural, large-scale analyses
on disturbances [e.g., Huth et al., 2004], secondary forest regrowth [e.g., Poorter et al.,
2016], fragmentation [e.g., Pütz et al., 2014] or with an extended model version on
future climate scenarios [e.g., Rammig et al., 2010].

3.6

CONCLUSION

Individual-based forest gap models simulate forest dynamics throughout all successional
states. By capturing forest structures at small scales, these types of forest models are able
to fill a gap between large-scale vegetation modeling (such as DGVMs), remote sensing
products and ground observations. With our approach, we see a chance to complement
the linkage between ground and remote-sensing observations [Saatchi et al., 2011]. The
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individual-based forest gap model delivers a tool with spatially explicit information on
forest structures and dynamics. The validation with field inventories has shown that
forest structure, in terms of species composition and forest height, has a strong influence
on the spatial variation of biomass in the Amazon rainforest. The approach opens new
doors to analyze highly diverse, large-scale forest structures of the Amazon rainforest
concerning carbon fluxes, disturbances and climate change scenarios. In combination
with products of future remote sensing missions [e.g., ESA Biomass, GEDI or proposed
Tandem-L Moreira et al., 2015], better insights into large-scale structures and dynamics
of tropical forests will be feasible.
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4.1

ABSTRACT

Understanding the interactions of forest productivity, biomass and structure are essential
for the analysis of ecosystem’s response to climatic and anthropogenic changes. However,
finding explicit relations between fluxes and stocks for the Amazon rainforest is particularly challenging since forests are highly dynamic. We here applied an individual-based
forest model on a large-scale, the Amazon rainforest. The simulation results were then
combined with remotely-sensed data (forest height map). This linkage enabled to detect
different forest states and structures caused by small-scale to large-scale natural and
anthropogenic disturbances. Carbon fluxes of the Amazon rainforest were analyzed at a
spatial resolution of 0.16 ha (40 m x 40 m).
We found that under current conditions, the Amazon rainforest is a carbon sink, gaining 0.59 Gt C per year. This carbon sink is driven by an estimated mean gross primary
production (GPP) of 25.1 tC ha−1 a−1 , mean woody aboveground biomass (wANPP) of
4.2 tC ha−1 a−1 , and mean annual net ecosystem productivity (NEP) of 0.8 tC ha−1 a−1 .
We further investigated the relations between productivity and biomass and found that
successional states under spatial heterogenic environmental conditions play an important role. Our results show that forests in intermediate successional states are the most
productive and that forests have different carbon use efficiencies resulting in a non-linear
relation between GPP and wANPP.
We can conclude that forest structure has a substantial impact on productivity and
biomass. It is an essential factor that should be taken into account when estimating
current carbon budgets or analyzing climate change scenarios for the Amazon rainforest.

4.2

INTRODUCTION

Current estimates on carbon storage and fluxes in the Amazon rainforest diverge [Baccini
et al., 2012; Saatchi et al., 2013; Mitchard et al., 2014; Avitabile et al., 2016] and
take a great share in the uncertainties of the global carbon cycle [Cox et al., 2013; Le
Quéré et al., 2016]. One reason for the diverging estimates is that the Amazon rainforest is constantly exposed to disturbances such as wind blow-downs [Fisher et al.,
2008; Chambers et al., 2013b], droughts [Phillips et al., 2009; Gatti et al., 2014], and
deforestation [van der Werf et al., 2009; Pütz et al., 2014; Poorter et al., 2016]. Such disturbances shift forests into earlier successional states which differ in species composition
and forest structure. This fact is often neglected in large-scale estimates of the carbon
budget [Houghton, 2005]. In addition, at the small scale, the successional state of a
forest is constantly changing due to natural tree mortality and gap building [Chambers
et al., 2013b]. It has been observed in field studies that these dynamics have a strong
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influence on biomass, productivity [Chave et al., 2004; Malhi et al., 2015], and forest
structure [Dubayah et al., 2010; Feldpausch et al., 2011], however, causalities are poorly
understood.
Recent field inventory studies deliver valuable analyses on potential drivers for the spatial variation of biomass and productivity within the Amazon rainforest. It was found
that forest dynamics and hence biomass and productivity might be related to seasonality [Chave et al., 2006; Malhi et al., 2015] and soil properties [Quesada et al., 2012].
However, one challenge of field-studies on large regions is that they are limited by their
number and by the size of field plots [Marvin et al., 2014]. Analyses on the relation between biomass stocks and climatic conditions are based on ca. 300 1-ha plots [e.g., Malhi
et al., 2006], and on biomass increments on even less [ca. 200, Brienen et al., 2015b,a].
A more detailed analysis on carbon partitioning into gross and net primary production,
for example, is based on ten field plots [Malhi et al., 2015]. An additional limitation lies
in the fact that field studies do not account for the full range of successional states, forest structure, and species compositions. Anyhow, such field studies deliver indispensable
information that vegetation modeling and remote sensing research can built up on.
In this study, we see a chance to include different successional states in the analysis on
carbon dynamics in the Amazon rainforest. We used an approach that links a canopy
height map with an Amazon-wide forest gap model (chapter 3). Forest gap models simulate forest succession at the individual tree level. This brings along two key advantages: First, it allows for considering stem-based mortality rates that vary throughout the
Amazon. It was found that individual tree death which can be interpreted as small-scale
disturbances, have a strong effect on forest carbon stocks [Espírito-Santo et al., 2014].
Second, forest models simulate forest structure and species compositions throughout all
successional states. The approach presented here takes advantage of this characteristic
by linking simulated forest structure with remotely sensed canopy height [here a canopy
height map, Simard et al., 2011]. One can then derive the current state of the forest at
a specific location, considering disturbances at different spatial scales and with spatially
heterogenic environmental conditions.
The approach presented here makes it possible to explore the relations between aboveground biomass (AGB), carbon fluxes, and successional states at high continuous spatial resolution (>0.16 ha). This allows for presenting maps of simulated carbon fluxes
such as gross primary production (GPP), above-ground woody net primary production
(wANPP), and net ecosystem productivity (NEP) for the Amazon rainforest at different spatial scales. Simulation results were compared to previous simulated global maps
[MODIS GPP and NPP, Running et al., 2004; Zhao and Running, 2010], estimates of forest inventories [Brienen et al., 2015a; Malhi et al., 2015], and eddy-flux measurements
(FLUXNET, GF-Guy, BR-Sa3).
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The following research questions will guide us through the present study:
(1) How do successional states influence the carbon dynamics of the Amazon?
(2) How do carbon storage and carbon fluxes vary spatially across the Amazon region?
(3) Is the spatial variability of GPP and NPP in the Amazon rainforest mainly driven by
its spatial variability of biomass?

4.3

METHODS

4.3.1

4.3.1.1

An Amazon-wide individual-based forest gap model

Basic concept of the forest model

The herein presented analyses are based on a regionalized version (chapter 3) of the
forest gap model FORMIND [Fischer et al., 2016]. The forest gap model simulates forest
dynamics at the individual tree level. In this study, these dynamics are driven by constant
mean climatic conditions (mean over years 2003-2012). The following main processes
are calculated on a yearly time step: tree growth, competition, establishment, and mortality. Growth of an individual tree depends on its location within the forest community
where trees compete for light and space. Hence, tall trees receive more light than smaller
ones. A gain in tree biomass results from the difference between photosynthesis and respiration losses. The gross primary production of a tree (GPPtree ) is calculated using a
light-response function at the leaf level which is then scaled up to the crown of the tree
[Thornley and Johnson, 1990; Huth and Ditzer, 2000; Fischer et al., 2016]:
GPPtree (Iind ) =

pmax
· ln
k

αkIind + pmax [1 − m]
αkIind e−kLAI + pmax [1 − m]

Ac ψ

(4.1)

in µmol(CO2) m−2 s−1 , where Iind [µmol(photons) m−2 s−1 ] is the light that reaches
the top of the individual tree, pmax [µmol(CO2) m−2 s−1 ] is the maximum leaf photosynthetic rate of the tree species, α is the initial slope of the light-response curve
[µmol(CO2) µmol(photons)−1 ], k is the light extinction factor, and m is the transmission
coefficient of the leaves. Ac [m2 ] is the crown area, and ψ [s a−1 ] the photosynthetically
active period [see Fischer et al., 2016, for a full description of the model; Tab. C1 and
Tab. B2 for parameter values].
A seedling can establish if light intensity on the forest floor is sufficient. A tree can die for
several reasons. Mortality increases when tree crowns are limited in space (crowding).
In addition, every tree underlies a basic mortality rate which is stochastically determined
within every model time step. Falling of large trees can damage surrounding trees (gap
building) and causes conditional mortality events. Dead biomass is transferred to a dead
wood carbon pool from which carbon is constantly transferred to a soil carbon pool
(decomposition) or respired to the atmosphere.
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The exchange of carbon between the forest and the atmosphere (net ecosystem productivity NEP [tC ha−1 a−1 ]) is described as follows [Paulick et al., 2017; Sato et al., 2007]:
NEP =

X
(GPPtree − Rtree ) + tDA Sdead + tSA Sfast + tFA Sfast

(4.2)

tree

The sum over all tress of gross primary production (GPPtree [tC ha−1 a−1 ]) minus
autotrophic respiration (Rtree [tC ha−1 a−1 ]) equals the woody above-ground NPP
(wANPP) of the forest site ([tC ha−1 a−1 ]). Autotrophic respiration Rtree is calculated
as the sum of maintenance and growth respiration which also includes root respiration
(assumed to be directly emitted to the atmosphere, Fig. C1). Its annual rate is calculated
in order to fit observed above-ground biomass growth of a tree. We assume that wANPP
is a constant fraction of NPP [NPP = 2.72wANPP, derived from pan-tropical aggregated
data for mature forests in Anderson-Teixeira et al., 2015] to convert annual wANPP to
annual NPP. Sdead is the dead wood pool, Sslow the slow decomposing soil carbon pool and
Sfast the fast decomposing soil carbon pool (all [tC ha−1 ]) with its respiration rates to the
atmosphere (tDA : Sdead to atmosphere, tSA : Sslow to atmosphere, tFA : Sfast to atmosphere).
The advantage of simulating each tree individually is that change in forest structure is
captured throughout all different successional states: from bare ground to climax stage
including natural tree death. A detailed description of the forest model can be found in
Fischer et al. [2016].

4.3.1.2

The regionalized forest model

The regionalized version of FORMIND has been introduced and evaluated chapter 3. In
the regionalized version, spatially variable precipitation (mean over years 2003-2012)
and the clay fraction in soil are used as a proxy for stem-based mortality rates. The variation of mortality rates induce different species compositions which is represented by
three plant functional types (PFTs) in the model: early successional, mid successional
and late successional tree types that differ mainly in productivity, needed light at establishment and mortality rates (Tab. C1).
Technically, the individual-based model could simulate tree growth for every tree in the
Amazon rainforest. However, the computational effort can be reduced for areas with
similar environmental conditions. Each 1 km2 of the Amazon rainforest was therefore
categorized into regions of similar model input of annual mean precipitation, annual
mean photosynthetic photon flux density (PPFD), and clay content (1040 regions in
total). We calculated the growths of every tree within each 1 km2 on 625 x 0.16 ha
plots. In total, we simulated 1040 km2 of forest including more than 50 Mio individual
trees over a simulation time of 1000 years (example for carbon fluxes in Fig. C2) on a
high-performance Unix cluster.
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4.3.2

Identifying the current state of the Amazon rainforest

The successional state of each forest within the Amazon is identified via a canopy height
map [Simard et al., 2011] as in chapter 3. For each location in the Amazon rainforest
(1 km2 ), we selected the time step of the simulation to which the simulated canopy
height equals the canopy height of the canopy height map (identified successional state
of the forest). We could then identify also the forest’s current, simulated carbon stock
and its associated carbon fluxes.

4.3.3

Input data

The forest model was driven by mean annual photosynthetic photon flux density (PPFD),
precipitation [for both mean values over years 2003-1012, WFDEI, Weedon et al., 2014],
and clay fraction of soil [Wieder et al., 2014]. The data was re-gridded to the resolution
of the forest canopy height map [1 km2 , Simard et al., 2011] with the climate data
operators [CDO, 2015].
The study region covers forests in South America that are categorized as rainforest or
moist deciduous rainforest (according to the FAO definition), have an annual mean temperature above 18◦ C, are located at an elevation below 1000 m, and have an AGB >
20 t ha−1 (chapter 3).

4.3.4

Validation

We compared our simulation results against observed NPP and GPP values from ten
inventory sites in the lowland Amazon rainforest [Malhi et al., 2015], measured woody
above-ground net primary production (wANPP) from 193 sites [Brienen et al., 2015b,a],
and GPP and NEP from two eddy covariance sites [GF-Guy, FLUXNET, Bonal et al., 2008,
BR-Sa3, FLUXNET]. Please, note that the eddy covariance method observes the entire
net ecosystem exchange (NEE) and we assumed here –NEE=NEP [Chapin et al., 2006].
Global mean GPP and NPP estimates from MODIS at 1 km2 resolution for the years
2000-2010 [Running et al., 2004; Zhao and Running, 2010] were compared against our
simulation results. Both products were re-gridded to the resolution of the canopy height
map (1 km2 ) using climate data operators [CDO, 2015, nearest neighbor].
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4.4

4.4.1

R E S U LT S

Dynamics of forests in different successional states

We use basal area fraction of late successional trees as an index for the successional
state of a forest. AGB, GPP, wANPP, and NEP are then analyzed by classifying the forest into different successional states (at 0.16 ha resolution, Fig. 4.1, Fig. C3). AGB increases throughout the successional state of a forest while GPP and wANPP values peak
at early/mid-successional state (fraction of late successional trees = 0.25-0.5). NEP is
highest in early successional states while the carbon budget of forests in later successional states is around 0.

Figure 4.1: Estimated (a) above-ground biomass (AGB), (b) gross primary production (GPP), (c)
woody aboveground net primary production (wANPP), (d) net ecosystem productivity (NEP) for forests in the Amazon, analyzed for different successional states (spatial
resolution 0.16 ha, 4.8 billion forest plots). The fraction of basal area of late successional trees is used to classify the forest into different successional states. Median is
shown as a blue horizontal line and outliers (outside whiskers) as blue dots.
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4.4.2

Spatial distribution of GPP, wANPP and NEP at different spatial scales

Across the Amazon basin, we obtain a mean forest GPP of 25.1 tC ha−1 a−1 (Fig. 4.2,
Tab. 4.1). We find that GPP values are higher along the Amazon river and in the southern Amazon rainforest (Fig. 4.2 (a)). The pattern of woody aboveground production
(wANPP , Fig. 4.2 (b)) across the Amazon rainforest resembles the one of GPP with
higher values along the rivers and in southern Amazon. Mean wANPP is 4.2 tC ha−1 a−1 .
In some parts of the Amazon (e.g., the Guiana Shield) GPP values are higher than
the mean while wANPP values are lower than the mean. The NEP varies around zero
(Fig. 4.2 (c)) with a mean NEP value of 0.8 tC ha−1 a−1 . Only along the south-east and
north-west, NEP values of up to 5 tC ha−1 a−1 are reached.
The variation of GPP, wANPP, and NEP values at small scales (0.16 ha resolution) is
higher than the variation at 1 km2 resolution (frequency distributions in Fig. 4.2). For
example, the analysis of NEP at 0.16 ha resolution shows that forests can release up to
20 tC ha−1 a−1 to the atmosphere (Fig. 4.1 (d)), while its maximum release at 1 km2
is 0.23 tC ha−1 a−1 . These very low NEP values have a strong influence on the mean
value over the entire Amazon (frequency distributions at both resolutions in Fig. 4.2 (c)).
Within an area of 7.8 Mio km2 , the Amazon rainforest takes up 0.59 PgC per year.

Table 4.1: Mean ± standard deviation (at 1 km2 resolution) of gross primary production (GPP),
woody above-ground net primary production (wANPP), net ecosystem productivity
(NEP), and above-ground biomass (AGB, chapter 3) over 7.8 Mio km2 for four regions
[according to Feldpausch et al., 2011] across the Amazon region.
Mean
GPP ± std
[tC ha−1 a−1 ]

Mean
wANPP ± std
[tC ha−1 a−1 ]

Mean
NEP ± std
[tC ha−1 a−1 ]

Mean
AGB ± std
[t ha−1 a−1 ]

Western Amazon

24.7±3.0

3.9±1.1

0.7±1.3

208±120

Brazilian Shield

25.7±3.9

4.6±1.0

1.3±1.8

123±112

East Central Amazon

24.7±2.8

4.3±0.9

0.5±1.2

218±86

Guiana Shield

25.0±2.2

3.9±1.0

0.3±0.8

255±93

Amazon region

25.1±3.2

4.2±1.0

0.8±1.4

188±120
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Figure 4.2: Maps and frequency distributions under mean climate conditions of (a) gross primary
production (GPP), (b) woody above-ground net primary production (wANPP), and
(c) net ecosystem productivity (positive values indicate a sink of atmospheric carbon),
estimated with FORMIND. The maps and the left histograms have a resolution of
1 km2 . The right histograms have a resolution of 0.16 ha.
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4.4.3

Comparison of simulation results with other flux estimates

We compare our obtained values at 1 km2 resolution (Fig. 4.3) with estimates derived
from MODIS [1 km2 resolution, Running et al., 2004; Zhao and Running, 2010], inventory data [ca. 1 ha plots, Brienen et al., 2015a; Malhi et al., 2015] and eddy-covariance
measurements (< 1 km2 footprint, FLUXNET stations GF-Guy and BR-Sa3).
Gross primary production: The distribution of simulated GPP resembles closely the one
derived from MODIS (Fig. 4.3 (a)). GPP derived from inventory data [24-42 tC ha−1 a−1 ,
Malhi et al., 2015] and from eddy flux measurements at GF-Guy [32-40 tC ha−1 a−1 ,
BR-Sa3
GF-Guy
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Figure 4.3: Frequency distributions of FORMIND estimates for (a) gross primary production
(GPP), (b) net primary production (NPP), and (c) net ecosystem productivity (NEP)
for forests in the Amazon at 1 km2 resolution in comparison to: estimates from
remote sensing [1 km2 resolution, MODIS, Running et al., 2004], inventory data
[6 1 ha resolution, 10 plots with recorded GPP and NPP, Malhi et al., 2015], and
eddy covariance measurements (GF-Guy and BR-Sa3). The ranges of estimated values from field inventories are marked in grey. Eddy-flux measurements at two sites
are shown for the full range of annual sums. Note that positive values of NEP indicate
a sink of atmospheric carbon.
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Bonal et al., 2008] and BR-Sa3 eddy flux station (29-42 tC ha−1 a−1 ) fall into the upper
ranges of our simulated GPP.
Net primary production: MODIS NPP shows a similar pattern as its related GPP distribution and has a clearly defined peak at 9-10 tC ha−1 a−1 (Fig. 4.3 (b)). FORMIND
simulated NPP, on the other hand, displays a wide plateau of 8 to 16 tC ha−1 a−1 . NPP
values derived from forest inventory range from 9-16 tC ha−1 a−1 [Malhi et al., 2015].
Estimated wANPP from field inventories [Brienen et al., 2015a] range from 1.1 to 4.7 tC
ha−1 a−1 , while FORMIND reaches high wANPP values of up to 6 tC ha−1 a−1 (Fig. C4).
Note that the field inventories are limited to a few measurements (193 sites) mainly
taken in old-grown forests.
Net ecosystem productivity: Simulated NEP values under mean climate conditions fall
into the range of recordings at the GF-Guy eddy flux station (0.5-3.5 tC ha−1 a−1 ) and
the BR-Sa3 station (-2.2-7.0 tC ha−1 a−1 ).

4.4.4

Relation between analyzed carbon stocks, dynamics and species compositions

Fig. 4.4 shows the obtained relations between carbon fluxes and stocks according to the
successional state of a forest plot. Forests of early successional state (yellowish) reach
AGB values of 100-150 t ha−1 . Forests of the mid-successional state (light-bluish) reach
values up to 300 t ha−1 . Late successional forests (dark- bluish) occur for higher AGB
greater than 250 t ha−1 . wANPP and AGB stock show a bell-shaped relation (Fig. 4.4
(a)). GPP values and AGB values form a triangle (Fig. 4.4 (b)). Forests in early successional states reach higher GPP values than late successional forests (with the same AGB).
Comparing both figures ((a) and (b)) in late successional state (dark- bluish dots), it can
be noticed that wANPP decreases with increasing AGB while GPP increases with AGB.
The relation between GPP and wANPP displays the woody above-ground carbon use efficiency which varies for different successional states (Fig. 4.4 (c)). Low GPP values are
reached for all successional states with a broad range of wANPP values. NEP is always
positive for early successional forests. NEP values of late successional forests show a high
variation (Fig. 4.4 (d)).
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Figure 4.4: Relation between simulated carbon fluxes and successional states within the Amazon
rainforest at a resolution of 0.16 ha (Fig. C5 for 1 ha resolution). Successional states
are represented by the basal area fraction of late successional trees within each 0.16
ha plot (yellow for early successional state to dark blue for late successional states).
(a) Aboveground biomass (AGB) vs. AGB, (b) gross primary production (GPP) vs.
AGB, (c) GPP vs. wANPP, and (d) GPP vs. net ecosystem productivity (NEP). GPP,
NEP, and wANPP are in tons carbon per hectare per year (tC ha−1 a−1 ); AGB values
are in tons dry mass per hectare per year (t ha−1 a−1 ).
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4.5

DISCUSSION

In this study, we show that our individual-based simulation allows for assessing the
Amazon rainforest under different forest structure and species compositions. The approach aims for extending our knowledge on carbon dynamics in the Amazon including
various successional states.

4.5.1

Carbon fluxes and stocks at different successional states

Our analysis shows that the successional state of a forest has a strong influence on carbon
stocks and fluxes as some selected examples show in the following. It is noticeable that
GPP, wANPP, and NEP are highest for forests in early to mid-successional states (Fig. 4.1).
Such forests of high productivity can be found in our maps (Fig. 4.2), for example, along
the ‘Arc of deforestation’ in the south-east [Nogueira et al., 2007, 2008] where forests are
influenced by human activities. The successional state of a forest is not only determined
by such disturbances at the large scale, but also influenced by individual tree death.
This means that, even undisturbed, large forests in mature state, consist of different
successional states at the small scale (e.g., 0.16 ha, Fig. C2) and, hence, can show strong
fluctuations in its carbon dynamics. Chambers et al. [2013b] found, for example, that
cumulative biomass of a mature forest is stable over time only for sample plots greater
than 10 ha. For that reason, flux values at 0.16 ha resolution show larger variability than
at 1 km2 resolution (frequency distributions in Fig. 4.2).
The strength of our approach is that it allows for analyzing relations between forest
states, and fluxes at different spatial resolutions. Analyses of field studies can be expanded by evaluating simulation results. For example, we can confirm (Fig. 4.4 (a) at
0.16 ha resolution, Fig. C5 (a) at 1 ha resolution) the assumption that highly productive forests may limit AGB values due to a dominance of species with low wood density
[Keeling and Phillips, 2007]. Productivity seems to follow the intermediate disturbance
hypothesis where productivity is highest at intermediate successional state (Fig. 4.1 (c)).
This finding differs from simulation results of 4 DGVMs at 1◦ resolution for the Amazon
region presented in Johnson et al. [2016]. In their study, three DGVMs simulate increasing productivity with increasing AGB. Only one DGVM shows a slight reduction of
productivity at high AGB values. They conclude that stem based mortality need to be
included in order to capture the relation as observed in the field [Johnson et al., 2016].
Here, we consider stem based mortality and forest structure at the individual tree level.
This is particularly important for the Amazon, where carbon stocks and dynamics are
driven by a variation of stem based mortality [Baker et al., 2004; Phillips et al., 2004;
Quesada et al., 2012; Galbraith et al., 2013; Malhi et al., 2015].
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The relation between AGB and NEP shows that most carbon is lost from forests in intermediate to late successional states (Fig. 4.4 (d)). This finding supports the finding of
Espírito-Santo et al. [2014] that internal gap-formations of mature forests cause greatest carbon losses, whereas large-scale disturbances can be compensated by forest growth.
This is pronounced particularly at 0.16 ha resolution where individual tree death has a
strong impact on carbon estimates as compared to at coarser resolution (Fig. C5 (d),
where the forest is closer to steady-state condition).

4.5.2

Comparison with field data and remote sensing measurements

Testing the representativeness of our simulated carbon flux maps relies on the comparison with another map derived from remote sensing and simulation [MODIS, Running
et al., 2004; Zhao and Running, 2010] since direct carbon flux field measurements in the
Amazon rainforest are rare. The number of field inventories in the Amazon is increasing,
but still cover only a small fraction of the Amazon and plot sizes are relatively small [e.g.,
ca. 200 1 ha plots in Brienen et al., 2015b]. Hence, its representativeness for the entire
Amazon and accuracy remains an open question [e.g., Réjou-Méchain et al., 2014]. Also,
eddy-covariance measurements are only partly suitable for large-scale estimates. Keep
in mind that NEE are measured half-hourly and come with measurement errors. Hence,
annual NEE values are based on gap-filling procedures which makes them less representative than values at small temporal scales [Moffat et al., 2007]. However, inventory
and eddy-flux measurements give valuable evidence on dimensions and ranges of carbon
fluxes that occur in the Amazon rainforest regardless all their limitations.
GPP: The GPP frequency distribution is here shown at the highest resolution of the
MODIS product (1 km2 ). The MODIS GPP pattern [Running et al., 2004; Zhao and
Running, 2010] resembles our simulated GPP pattern (Fig. 4.3 (a)) although both maps
are derived from different remote sensing techniques (NDVI vs. LIDAR). This resemblance strengthens the general representativeness of our GPP map. Observed GPP values
(field and eddy flux measurements) show partly higher values than simulated GPP values at 1 km2 resolution. Note, however, that our simulation reaches the observed values
at 1 ha resolution (resolution of field inventories, Fig. C5).
NPP: The NPP histograms (Fig. 3.3 (b)) show that the approach used here displays more
areas of high NPP values (>12 tC ha−1 a−1 ) than the MODIS product. We can draw the
following two conclusions from this comparison: First, the NPP pattern of the MODIS
product seems to correlate strongly with the GPP pattern. In our approach, NPP depend
on two factors: spatially variable forest dynamics, and the canopy height map. This
results in a broad relation between the two fluxes (carbon use efficiency is not constant,
Fig. 4.4 (c)). Other than the MODIS approach, our forest model approach allows for
considering different species compositions and successional states across the Amazon
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which leads to higher NPP values. These higher NPP values can also be observed in
field inventories. Second, the MODIS product is limited by the fact that it is derived
from NDVI values which tend to saturate in dense mature forests and, thus, have limited
capability to identify spatial variations, such as in the Amazon [Myneni et al., 2001; Hall
et al., 2011]. The approach presented here uses a canopy height map [Simard et al.,
2011] that is derived from LIDAR measurements (active traces). Such active remote
sensing tracers have the advantage that they identify forest structure better than passive
tracers as used with MODIS [Lefsky et al., 2002]. This allows for capturing more spatial
heterogeneity.
NEP: It was found that the Amazon forest gains, on average, 0.59 Pg of carbon per year.
Our estimate compensates approximately the amount of carbon currently emitted due
to deforestation and land-use change in South America [Baccini et al., 2012]. In particular forests in earlier successional states, contribute to an uptake of atmospheric carbon
(Fig. 4.1 (d)). NEP measurements at eddy flux station BR-Sa3 show a broader range
than at GF-Guy. This may result from the fact that BR-Sa3 is a logged forest site which
includes different species compositions and forest structures, while GF-Guy is assumed
to be an undisturbed site. In our approach, a logged forest is represented by an earlier
successional state which is characterized by a higher uptake of atmospheric carbon. The
NEP values can only be compared to a few sites. Anyhow, this analysis helps to get a
better insight into the relation between forest structure, biomass, and carbon fluxes.

4.5.3

Limitations of our approach

The current approach is based on linking a regionalized forest model with a canopy
height map. The present study focuses on spatial differences in carbon dynamics due
to forest structural and environmental differences under current climatic conditions.
Consequently, results capture fluxes at one point in time. The study design does not yet
consider the effects of inter- or intra-annual variations of temperature or atmospheric
CO2 on forest structure. It is anticipated to integrate such effects into a future analysis.
Though, it remains a challenge how to predict the quantity of large-scale disturbances.
We here extended an approach that was developed to derive a biomass map of the
Amazon rainforest (Chaper 3). The approach brings along structural uncertainties like
the assumption that NPP is a constant fraction of wANPP, and limitations due to the
resolution of input data like climatological data and the canopy height map [Simard
et al., 2011]. The canopy height map is based on discrete LIDAR shots and provides
estimates for maximum canopy height at a resolution of 1 km2 . Nevertheless, it remains
a challenge how to fill missing information between shots (Chaper 3). In future work,
it is desirable to integrate LIDAR shots into the analyses by directly comparing LIDAR
profiles with forest simulations.
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Carbon fluxes and budgets of mature forests are in steady-state with a NEP around
0 tC ha−1 a−1 , and stable dead wood and carbon soil pools. In disturbed forests, on the
other hand, dead wood and soil fluxes may depend on its disturbance history (fire event,
logging, etc.) which cannot be reconstructed from the canopy height map. Thus, our
study is based on the assumption that the forest either regenerates after deforestation
(simulation from bare ground with initialized dead wood and soil pools, Tab. C1), or is
influenced by natural tree fall and its surrounding damage (gap-dynamics).

4.6

CONCLUSION

We show here that forest productivity of Amazon rainforests is strongly determined by
the stored biomass, species compositions, and forest structure. In previous studies, these
relations were analyzed based on forest inventories and remote sensing data but could
not be fully resolved. Linking both, inventory and remote sensing data, with vegetation
modeling at the tree scale enables to examine the Amazon rainforest at different successional states. With our approach, dynamics of forests can be examined at different
spatial resolutions (individual to Amazon-wide scale). Derived values can thereby be
compared to any desired spatial scale of observations. This allows also for considering
strong spatial variability in carbon fluxes caused by small- (gap-building) to large-scale
(e.g., deforestation) disturbances. The successional state, and hence the forest structure
and species composition, have a strong effect on NPP and NEP estimates. Spatial variability of AGB alone cannot explain spatial differences in productivity across the Amazon.
Our analyses highlight the importance of forest structure for carbon dynamics, which is
often a neglected aspect in dynamic vegetation modeling.
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CONCLUSION AND OUTLOOK

M A I N R E S U LT S , L I M I TAT I O N S A N D P O T E N T I A L S

Ecological processes act across spatial and temporal scales and these scales define the
extent of variability in such ecological processes [Levin, 1992; Chave, 2013]. This thesis
explores the potentials and limitations of simulating carbon fluxes of forest ecosystems.
The main tool used in this thesis is a forest gap model. It calculates forest dynamics at
the individual tree level and therefore allows for looking at processes at different spatial
and temporal scales. The forest model was linked with inventory, remote sensing, and
eddy covariance data to analyze the influence of climatic variability and forest structure
on carbon dynamics in forest ecosystems.

5.1.1

Applying a local forest gap model at the regional scale

Forest gap models such as FORMIND [Fischer et al., 2016], JEBOWA [Botkin et al.,
1972], or ForClim [Bugmann et al., 2000] are well established tools to analyze forest dynamics throughout successional states under different environmental conditions.
They have proven to describe processes of forest ecosystems better than pure statistical approaches [Bugmann, 2001]. However, they are traditionally applied at local scales. One possibility to transfer processes from the local to regional scale are
up-scaling approaches. These involve averaging processes and thereby loose information at the individual tree level as in the models MOSAIC [Acevedo et al., 1995],
LANDCLIM [Schumacher et al., 2004], GAPPARD [Scherstjanoi et al., 2013], or a modification of FORMIND [Tietjen and Huth, 2006]. Additionally, up-scaling underlies several challenges such as considering feedback processes across scales, nonlinear ecological processes, and spatial heterogeneity of forest ecosystems [Bugmann et al., 2000].
Nowadays, computational power provides new possibilities and allows for directly applying individual-based forest models for larger regions.
In this thesis, we took advantage of modern high-performance computers and applied
the forest model FORMIND at the continental scale, the Amazon rainforest. It was the
first large-scale application of this forest model (chapter 3) and involved two major steps:
(1) the technical implementation and (2) the regionalization approach.
The technical implementation: Other than previous up-scaling approaches, we here implemented the forest model processes at the individual tree level [as in iLAND, Seidl
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et al., 2012]. Thereby, the approach avoids process-averaging issues and overcomes
some limitations that arise from traditional up-scaling approaches (as listed above). In
this framework, the FORMIND model was adapted to Unix systems in order to be applied on a high-performance computer. Algorithms were developed to run forest sites
parallel under spatially variable input. This allowed for simulating 1000 years of forest
succession of more than 100,000 ha within a few minutes.
The advantages of simulating individual trees have already been recognized in previous
studies. The basic idea of the forest gap approach was implemented to dynamic global
vegetation models (DGVM) like LPJml-FIT [Sakschewski et al., 2015], or the Ecosystem
Demography (ED) model [Moorcroft et al., 2001]. However, such approaches are often
limited by computational capacity (e.g., simulating only 4 ha plots representatively for
each 0.5◦ cell in LPJml-FIT) or model structure (e.g., a size- and age-structured approximation in ED). Our approach differs from these previous models by its implementation
strategy. In DGVMs, processes of the gap approach were implemented top-down into
their global model setup [Hickler et al., 2004], while in our approach the model was
developed for a specific site before it was applied for larger regions (bottom-up). This
bottom-up approach has the advantage that it takes species diversity and forest succession along. In our study, this means that species compositions were characterized by
three plant functional types (early, mid and late successional trees). Spatially different
model input results in spatially different species compositions. Hence, the major challenge was to identify model characteristics that cause such spatial differences in species
compositions and forest dynamics (regionalization approach).
The regionalization approach: Applying a forest model at the regional scale involved
the regional adaptation of model parameters for which a process-based description is
normally missing (e.g., stem-based mortality rates). At the local scale, these parameters are derived from inventory data directly which rely on a time-consuming model
parameterization [Fischer et al., 2016]. Due to this parameterization process, forest gap
models are often accused to be ‘data-hungry’ [Guisan and Thuiller, 2005; Jeltsch et al.,
2008]. In order to identify regional differences of these parameters across the Amazon,
we developed a regionalization scheme that was inspired by regionalization methods
used in hydrology [Blöschl and Sivapalan, 1995; Samaniego et al., 2010]. The idea is
that the parameter is identified at locations where inventory data are available (Fig. 5.1).
Parameter values are related to environmental conditions via functional relations. These
relations are then used to assign a parameter value to areas where no inventory data are
available.
Based on this regionalization approach, we have identified mean annual precipitation
and clay content of the soil as a proxy for the mortality rate of late successional trees
for the Amazon rainforest (chapter 3). This relation is based on the assumption that
tree mortality is influenced by environmental conditions [Malhi et al., 2015] and soil
properties [Quesada et al., 2012]. The novelty and strength of the regionalized mortality
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Figure 5.1: Regionalization scheme developed for this thesis (chapter 3). First, parameters (here:
mortality rate) are identified for anchor points where inventory data are available
(left). In a second step, environmental conditions (left) are functionally related to
anchor points. In a third step, the functional relation is used to fill the gaps where no
inventory data are available (middle). Different model parameters result in different
forest dynamics and species compositions (right).

rates is that it allows for simulating forest dynamics at the individual tree level resulting
in spatial variable biomass stocks across the Amazon.
The approach, however, brings along several limitations. Due to simplification, only the
mortality rate of late successional trees was spatially adapted. One could think about
spatially varying tree geometries in future since it has been monitored that diametertree height allometries can be related to biomass differences [Nogueira et al., 2008;
Feldpausch et al., 2012]. Another limitation is that mortality is regression-based instead
of using process-based formulations. In the LPJ-GUESS model, mortality rate is related
to growth-efficiency which is effected by water stress [Smith et al., 2008]. However,
this process-based implementation and parameterization is rather ad hoc (personal communication). What seems like a limitation of our approach at first sight, highlights its
potential at second sight. Our method can overcome such ad hoc parameterizations and
sets a basis for fundamental process-based analyses. We suggest integrating processes
step-by-step-wise from a regression-based to a process-based description.
A next possible step is to develop an approach that simulates water stress across the
Amazon since our study (chapter 3) has shown that mortality is related to plant available water. One possibility is to activate the water module of the forest model [Bohn
et al., 2014; Fischer et al., 2014]. However, the parameterization for such a large region
is challenging, especially the parameterization of the rooting depth and soil attributes. A
more promising and simpler approach is a parsimonious process-based description of the
soil water pool where the plant available water is solely estimated from the plant available water capacity [determined by field capacity and permanent wilting point, Cassel
and Nielsen, 1986] and actual available water from precipitation. It will also allow for
integrating monthly time steps in order to consider seasonality. Once we have a better
understanding on the relation between mortality and water availability, mortality can be
linked to stress induced limitations of growth or productivity.
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5.1.2

Linking eddy covariance data and a forest gap model

The analysis at two spruce forest sites (chapter 2) showed that, in general, forest gap
models are capable of simulating GPP, respiration, and NEE of forest ecosystems at high
temporal resolution. We adapted the forest model to simulate carbon dynamics at daily
time steps. Simulation results were than compared with measurements of the eddy covariance method [Grünwald and Bernhofer, 2007; Rebmann et al., 2010]. The performance of the forest model is satisfying considering the fact that it calculates photosynthesis based on a Michaelis-Menton function. This function describes potential photosynthesis as a direct response to light at the leaf level [Thornley and Johnson, 1990;
Fischer et al., 2016]. Limitations due to water and temperature stress are included by
multiplying the potential photosynthesis with a limiting factor [Bohn et al., 2014]. The
light-response function is a more simple interpretation of photosynthesis than the photosynthesis model of Farquhar [1989], often used in DGVMS (e.g., LPJ). The Farquhar
model describes the responses of carbon exchange by leaves under CO2 and oxygen concentration, temperature, and light. The simplified photosynthesis model in FORMIND
has the advantage that model calculations are faster by at least factor 100 compared
to the Farquhar [1989] model (personal communication with LPJ users). Despite this
simplification, the analysis has shown that the results at the spruce forests Wetzstein
and Tharandt was comparable to those of a LPJ-GUESS application to another European
monocultural forest [Vermeulen et al., 2015].
The analysis additionally allowed for examining limitations of photosynthesis and respiration due to water and temperature stress that are commonly used in vegetation
modeling. We have developed a filtering method that allows for extracting a model parameterization that cannot be detected with a numerical parameter calibration alone
[Lehmann and Huth, 2015]. The analysis exposed a new function for photosynthetic reduction due to temperature stress with only two parameter values instead of four in the
previous function.
In an ongoing study, we extract our findings and methods on the spruce forest and
transfer them to a tropical forest site in French Guyana (master thesis by Anne Piechulla,
in prep.). Eddy covariance data [Bonal et al., 2008] are compared to simulation results
of the Amazon-wide forest model (parameterization of chapter 3) at the local scale.
Other than previous studies which analyzed limiting factors in dynamic global vegetation
models for mature forests [Baker et al., 2008; Poulter et al., 2009; Verbeeck et al., 2011],
we here detect limitations under consideration of different forest structure and species
compositions. Both forest attributes have been identified to be an important factor in
forest ecosystem carbon fluxes (chapter 4) and an essential aspect in the simulation
of forest dynamics under climate change [Huntingford et al., 2008; Sakschewski et al.,
2016]. This ongoing study is a first preliminary step towards a new model version that
will also be able to perform drought-stress analyses.
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5.1.3

Linking remote sensing data and a forest gap model

Modern computational power enables to apply individual-based forest models at the
large scale and link simulated forest dynamics with those observed by remote sensing
[Shugart et al., 2015]. We developed a novel framework for the Amazon rainforest which
uses a forest gap model and a canopy height map derived from LIDAR measurements
[Simard et al., 2011]. This canopy height was used as a proxy to identify the current
successional state within our forest simulations (chapter 3). This approach resulted in
high-resolution (0.16 ha spatially implicitly within spatially explicit mean values over
1 km2 ) maps of biomass, productivity, and net ecosystem productivity. We also found that
forest structure and species compositions influence carbon stocks and fluxes differently
resulting in spatial heterogeneity across the Amazon (chapter 4). It was shown that this
novel approach may identify more spatial heterogeneity of productivity than a previous
approach that derives productivity from MODIS data [Running et al., 2004; Zhao et al.,
2005].
Active remote sensors (LIDAR and RADAR) have proven to be valuable observers of
forest structure [Lefsky et al., 2005]. Forest structural attributes like maximum and mean
canopy heights are indicators for the successional state of a forest [Dubayah et al., 2010]
from which estimates on biomass, tree growth, and leaf distribution can be derived
[Lefsky et al., 2002; Nasset and Gobakken, 2005]. Field inventories have shown that
canopy height alone is not sufficient to identify carbon stocks and dynamics correctly
since they are additionally influenced by environmental conditions [Clark and Clark,
2000; Quesada et al., 2012; Mitchard et al., 2014; Malhi et al., 2015]. Forest models
have the potential to complement inventory and remotely sensed data in order to include
environmental conditions in the analysis of carbon stocks and dynamics [as in a study
on local forest sites in Costa Rica, Hurtt et al., 2004; Dubayah et al., 2010]. In this thesis,
this idea has been demonstrated at the large scale, the entire Amazon rainforest (chapter
3 and 4).
Spatial variations due to environmental conditions were confronted with the regionalization approach which resulted in an Amazon-wide individual-based forest model. The
linkage of the forest gap model with a remote sensing product was performed with the
canopy height map of Simard et al. [2011]. The 1 km2 resolution canopy height map is
a product of LIDAR data from Geoscience Laser Altimeter System (GLAS) onboard Ice,
Cloud and land Elevation Satellite (ICESat). Using this wall-to-wall canopy height map
has the advantage that gaps between GLAS shots were already filled via a correlation
model. It is limited by the fact that it describes a mean value at a resolution of 1 km
where forest structure may be highly heterogenic. The major challenge of our approach
was to specify the corresponding tree height of our highly dynamic simulation results.
The satisfying validation showed that it served well as a framework to link remote sensing data and a forest gap model at such a large scale.
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Figure 5.2: (a) GLAS shots (red) in South America. Cloudy shots or shots with slope effects
(> 10◦ , e.g. in Andes) were eliminated. (b) Example for one laser signal described
with 6 Gaussian fits. As the shot often covers rough terrain, the signal was shifted
that the peak of the ground return meets 0 [both figures were plotted based on data
of Los et al., 2012; Tang and Dubayah, 2017]

In a next step, we are planning on directly comparing leaf profiles of the GLAS shots
(Fig. 5.2 (b)) with those of our simulation results. With the help of the SIDAR module
(SImulated liDAR module) of the forest model FORMIND (Knapp et al., in review), we
will be able to derive height metrics for the simulated Amazon rainforest. These allow
for a direct comparison with processed GLAS data [Los et al., 2012; Tang and Dubayah,
2017, Fig. 5.2 (b)]. One counts up to 2 Mio shots for the Amazon rainforest when eliminating cloudy shots or shots affected by slope effects [>10◦ , Los et al., 2012, Fig. 5.2
(a)]. NDVI observations [Huete et al., 2002] and land cover maps [Hansen et al., 2013]
may supply additional information to produce wall-to-wall maps of the Amazon. Our
study has shown that NDVI alone may not be able to detect all spatial heterogeneity of
NPP (chapter 4). However, it may be a potential proxy for leaf area index which might
help to fill gaps between discrete GLAS shots.
Several planned and proposed satellite remote sensing missions promise better insights
into large-scale structures and dynamics of forests. The ESA Biomass mission will be
ready to be launched in 2021 for a 5-years RADAR mission [ESA, 2016]. The satellite
will carry a P-Band polarimetric synthetic aperture radar (SAR) with a 100-200 m spatial
resolution and 25-45 days revisiting time [Le Toan et al., 2011]. For 2018-2024, the
NASA is planning on starting the Global Ecosystems Dynamics Investigation Lidar (GEDI)
mission. Three laser transmitters will produce 14 ground tracks spaced 500 m acrosstrack and 60 m along-track with 25 m footprints [NASA, 2017]. The proposed TandemL mission with a L-band SAR could observe forest structures with a spatial resolution
of 10 meters (horizontal) with a two weeks revisiting time [Moreira et al., 2015]. In
combination with individual-based models, such remote sensing missions are promising
to improve and complement our understanding on forest dynamics.
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5.2

5.2.1

SYNTHESIS AND OUTLOOK

The Amazon across temporal and spatial scales: the journey continues

The Amazon rainforest is constantly exposed to climatic and anthropogenic changes
which all need to be considered when simulating forest dynamics. The three approaches
that were discussed above (regionalization of, linking eddy data with, and linking remote
sensing data with a forest model), could jointly contribute to a better understanding
of forest dynamics in the Amazon rainforest. The approach might have the potential
of complement previous methods like kridging [Malhi et al., 2006], machine learning
[Saatchi et al., 2011], or geostatistical diagnostic models [Beer et al., 2010]. The here
presented bottom-up approach has the possibility to integrate, interpret, and extrapolate
discrete field and remotely-sensed data at different spatial and temporal scales.
The studies presented here provide a basis for interesting additional analyses. Once the
driver of spatial variability of mortality within the Amazon is identified process-based
via the regionalization approach (chapter 5.1.1), we can project our knowledge from
space to time. This means that we can use our newly gained knowledge on how spatial
variability of precipitation effects tree mortality, to run the forest model under temporal
variable climate. In combination with our improved knowledge on limiting factors of
photosynthesis and respiration derived from the comparison with eddy covariance data
(chapter 5.1.2), we will be able to improve analyses on drought [Phillips et al., 2009;
Gatti et al., 2014] and the Amazon ‘dieback’ [Huntingford et al., 2008; Rammig et al.,
2010]. These steps set a basis for the simulation of climate change scenarios in the
Amazon rainforest. This approach differentiates from previous projections with DGVMs
by its consideration of forest structure and species compositions. Taking additionally
the current condition of the Amazon regarding anthropogenic disturbance via remote
sensing data into account (chapter 5.1.3), will advance knowledge on secondary forests
[Poorter et al., 2016] and consequences of deforestation [Pütz et al., 2014; Brinck et al.,
2017]. A forest gap model provides the opportunity to investigate microclimatic changes
in forest fragments [Laurance, 1997] and its follow-up feedback mechanisms, as well as
additional influences due to climatic changes. Applying this knowledge on the entire
Amazon will potentially reduce substantial uncertainties of the global carbon cycle.

5.2.2

Large-scale simulations of other biomes

The thesis shows how forest models (here FORMIND) can be technically set up to simulate forest dynamics at the individual tree level for large regions. This technical implementation can be used to address country- or continent wide research questions on
forest ecosystems.
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Figure 5.3: (a) Dominant tree species in Germany [modified from Brus et al., 2012]; (b) Canopy
height map of Germany derived from lidar remote sensing data [modified from
Simard et al., 2011].

The approach, that links the forest model and the canopy height map, can be applied
to every region were a basic parameterization is available. Considering the fact that
the forest model FORMIND has been applied at various forest sites in the tropics [Huth
et al., 2004; Dislich and Huth, 2012; Fischer et al., 2014; Kazmierczak et al., 2014], a
logical next step is to derive pan-tropical maps on above-ground biomass, basal area,
productivity, and net ecosystem productivity.
Also, a large-scale analysis on forest ecosystems in Germany should be easily feasible.
Bohn et al. [2014] have developed a FORMIND parameterization for all major tree
species in Germany. A map of proportional tree species [Brus et al., 2012, Fig. 5.3 (a)]
could be used as basis for initializing the forest model. The canopy height map [Simard
et al., 2011, Fig. 5.3 (b)] can be used to identify forested areas and their successional
states. Non-forested areas can be complemented by simulations of the grassland model
GRASSMIND [Taubert, 2014]. This approach is fundamental to derive Germany-wide
maps of biomass and productivity and analyze the influence of climate variability on
forest and grassland dynamics.
This thesis demonstrates that large-scale analyses of forest ecosystems are highly promising when using different methods jointly. Field inventories set the fundamental basis for
understanding structure and species compositions of forests. Eddy covariance data help
interpreting the influence of variable climate on forest dynamics. Remote sensing data
provide large-scale information on spatial variability in forest structure which can be
then interpreted and extrapolated with forest modeling. Consequently, this thesis sets a
base for future simulations of large regions using individual-based forest models.
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Functional relationships

GPP vs. soil water content. GPP data were filtered and normalized for optimal temperature conditions and sunny days in order to analyze the relationship between GPP of
the ecosystem and soil water content (Fig. A1 (a)). We compare the filtered data with
the three model versions. The literature-based permanent wilting point (19.7%) for clay
loam [Maidment, 1993] is too high. Therefore, we assume a lower permanent wilting
point (9.5%) and field capacity (20.7%) as for sandy loam for the filter-based parameterization. The numerical calibration estimated an intermediate permanent wilting point.
The filtered EC-data does not show any clear limitation of photosynthesis for several potential reasons. Measuring soil water content is challenging and the available data may
not be representative. There are only short periods in this temperate forest in which soil
water limits photosynthesis, even in the severe drought year of 2003. This makes annual
GPP very insensitive to the parameters of the water reduction function. Also, the event
in 2003 came with a heat wave [Ciais et al., 2005] which makes it extremely difficult to
separate potential limitations. Therefore, water limitation factors are the most uncertain
values in the calibrated parameterization. The permanent wilting point for clay loam of
the literature-based parameterization was obviously too high. The impact of water stress
on photosynthesis has long been a topic of discussion amongst soil scientists and plant
physiologists [Slatyer, 1957; Gardner and Nieman, 1964; Hsiao, 1973; Sperry et al.,
2002; Chaves, 2002]. In the forest model, the wilting point was set for a specific soil
type [Maidment, 1993] rather than for a specific plant type. The limitation due to water
stress is not distinguishable from the filtered data. However, note that the permanent
wilting point needed to be reduced for the filter-based parameterization.
GPP vs. PPFD. Measured GPP data were filtered to restrain the relation between GPP of
the ecosystem and PPFD (Fig. A1 (b)). The data were filtered for optimal soil water conditions and optimal temperature conditions in order to exclude limitations by soil water
and temperature (Eq. 2.2. In the model, the potential photosynthesis of the ecosystem
equals the sum of GPP of all trees without soil water or temperature limitations. Potential
GPP of a tree is described with a light-response function at the leaf level that is integrated
over the entire canopy (Eq. 2.1). It is a function of not only PPFD, but also depends on
the forest structure. In order to fit the model process through the filtered data, the model
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Figure A1: (a) Limitation of photosynthesis by soil water content (Eq. 2.5). Observed data of
the Wetzstein site are filtered for optimal temperature conditions and sunny days. (b)
PPFD vs. GPP and the forest model’s functional relation (sum over Eq. 2.1). Observed
data were filtered for optimal temperature and water conditions. (c) Normalized,
filtered ecosystem respiration vs. temperature and the models’ functional relation
(Eq. 2.7). Data were filtered for night time values. The normalized respiration of
the ecosystem approximately equals the normalized maintenance respiration.
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was calibrated specifically for days with optimal soil water and temperature conditions
(filtered EC-data). The new parameter values for the filter-based (and calibrated) parameterization are: slope of the light response curve α = 0.08 µmol(photons) m−2 s−1
(0.15) and maximum rate of photosynthesis pmax =10.981 µmol(CO2 ) m−2 s−1 (5.670).
The literature-based and calibrated parameterizations do not reach high GPP values as
observed with the EC-method. This finding is reflected in filtered data (Fig. A1) and in
the comparison of daily simulated values to observed values (Fig. 2.1). The literaturebased parameterization for potential photosynthesis is derived from measurements on
the leaf level [Sonntag, 1998]. Physiological attributes of leaves, however, vary according to climatic conditions and their positions within the canopy. Even if the parameter
values were consistent on the leaf scale, it is not assured that they are also accurate
at the forest scale. Due to model simplicity, FORMIND assumes that the photosynthetic
capacity of leaves is the same throughout the canopy (Eq. 2.1). In the frame of this
study, we have also tested the assumption of a vertical decrease of nitrogen within the
canopy [e.g. Meir et al., 2002] and therefore a decrease of the maximum photosynthetic
capacity [Sellers et al., 1992]. The integration of the modified light-response function
leads to a Gaussian hypergeometric function with an additional parameter (A3 Nitrogen
decrease in canopy). The resulting function looks very similar to our original curve but
with different parameter values. Instead of adapting the forest model to a more complex functional relation, which assumes a nitrogen decrease throughout the canopy, we
stayed with the less complex original function. We here present two options to derive
suitable parameter values: fitting the functional relation through filtered data or via a parameter numerical calibration. However, the comparison to filtered EC-data shows that
such a calibration needs to be handled with care. Although, in total, the calibrated parameterization showed the best performance (Tab. 2.3), it clearly underestimated GPP
at high PPFD values.
Maintenance respiration vs. temperature. The observed respiration was filtered for nighttime values in order to exclude day-time growth respiration (Fig. A1 (c)). In the forest
model, growth respiration is directly dependent on photosynthesis. Since autotrophic
and heterotrophic respiration have a similar temperature dependency [Reichstein et al.,
2005], the normalized respiration of the ecosystem approximately equals the normalized
maintenance respiration. The fit through filtered data resulted in Q10 = 1.52 with a
reference temperature of Tref = 15.06◦ C. The numerical calibration resulted in Q10
= 1.52 with a reference temperature of Tref = 12.61◦ C. The temperature reduction
curve (Eq. 2.3) of the literature-based parameterization with Q10 = 2.3 [Piao et al.,
2010; Bohn et al., 2014] was too high. A lower Q10 value of the fitted parameterization
is consistent with values observed, ranging between 1.5 and 2.2 for old black spruce at
different stands [Lavigne and Ryan, 1997]. Due to the variations between stands Lavigne
and Ryan [1997] advise the use of stand-specific values instead of generic parameter
values. In general, values of Q10 range in the literature from 1.4 to 3.0 [Ryan, 1991].
More recent studies even show that Q10 values are not constant but acclimate with
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temperature [Tjoelker et al., 2001; Atkin and Tjoelker, 2003]. But the Q10 formulation
confounds diverse ecosystem processes such as substrate availability [Kirschbaum, 2006]
or soil moisture and temperature gradients [Graf et al., 2011]. Here we stay with the
Q10 acknowledging its simplicity. The approach is strengthened by the facts that the fit
through filtered data and the numerical calibration resulted in the same value and they
improved the simulations on the daily (Fig. 2.2) and yearly (Fig. 2.3) scale.

A2

The numerical calibration

We calibrate the listed parameters (Tab. 2.2) against measured NEE, GPP and respiration
with a dynamically dimensioned search [dds, Lehmann and Huth, 2015]. The objective
function Q is the root mean square error of the individual fluxes and built as follows:
rP
rP
rP
2
2
2
(NEE
−
NEE
)
(GPP
−
GPP
)
sim
sim
obs
obs
n
n
n (Robs − Rsim )
+
+
Q=
n
n
n
where n is the number of simulated days, obs is the indices for observational data and
sim the one for simulated data.

A3

Nitrogen decrease in canopy

Photosynthesis on the leaf level PL of leaf Li is described by a Michaelis-Menton function
[Thornley and Johnson, 1990]:
PL (Li ) =

αIL pmax
αIL + pmax

where pmax (µmol(CO2 ) m−2 s−1 ) is the maximum photosynthetic rate of the tree type,
α is the initial slope of the light-response curve (µmol(CO2 ) µmol(photons)−1 ) and IL is
the photosynthetic active radiation that reaches the leaf. The integration over the canopy
of one tree then equals [Huth and Ditzer, 2000]:
Pind (Iind ) =

pmax
αkIind (PPFD) + pmax [1 − m]
ln(
)
k
αkIind (PPFD)e−kLT + pmax [1 − m]

where Iind is the light that reaches the canopy of an individual tree, PPFD the incoming
light above the forest, k the light extinction factor, LT the leaf area index of the tree
[m2 m−2 ] and m the transmission coefficient of leafs.
If we now assume an exponential decrease with u of pmax0 (above canopy) due to decreasing nitrogen concentration in leaves (with cumulative leaf area index l) within the
canopy [Sellers et al., 1992]:
pmax = pmax0 e−ul
The integration of the modified Michaelis-Menton function over the canopy leads to:
(−k+u)LT

−αkIind
k
2k−u
k
2k−u −αkIind e
2 F1 [1, k−u , k−u , (1−m)pmax ]
2 F1 [1, k−u , k−u ,
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k
0
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(
−
1−m
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where 2 F1 is the hypergeometric function:
2 F1 [a, b, c, z] =

∞
X
(a)k (b)k zk
(c)k k!

k=0

and
(a)k =

k
Y

a(a + (l − 1)), (b)k =

l=1

k
Y

b(b + (l − 1)), (c)k =

l=1

k
Y

(a)

c(c + (l − 1))

l=1

k
and c= 2k−u
with a = 1, b= (k−u)
k−u .

A4

Calculation of the maintenance respiration
(b)

That base respiration Rb (Eq. 2.6) is defined as follows:
ˇ − ∆B(1 − rg )
Rb = GPP
where ∆B is the biomass increment of the tree and rg is the growth respiration factor.
ˇ
The base respiration is back calculated from a potential gross primary production GPP.
This potential GPP is based on a mean climate of the first half of the 20th century [Bohn
et al., 2014].
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Figure A2: Simulated and observed gross primary production (GPP) and respiration (R) at
Wetzstein for the year 2003.
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B 1.1

3

Parameterization and regionalization of FORMIND

The general concept

FORMIND is an individual-based, spatially explicit and process-based model designed to
simulate species-rich forests [Fischer et al., 2016]. It has been applied to various local
forest sites in Malaysia, Madagascar, Ecuador, Venezuela, Mexico, Panama, Brazil and
French Guyana [Köhler and Huth, 1998; Kammesheidt et al., 2001; Huth et al., 2004;
Pütz et al., 2014; Fischer et al., 2016]. Vegetation is simulated on an area which is
divided into regularly ordered, quadratic plots of 20 x 20 m2 (Fig. B4).
Individual trees grow within the plots but do not have spatially explicit positions within
a plot [gap model approach, Shugart, 1984]. The trees change their size during the simulation according to a set of eco-physiological (recruitment and establishment, growth,
mortality) and morphological (allometries) parameters.

B 1.2

Parameterization of the forest gap model

In this study, we set up a forest model for the central Amazon basin. We used inventory
data in order to classify trees into plant functional types and to parameterize allometric
functions. Parameters of functions that were not directly derived from forest inventories
were calibrated numerically (locations listed in Tab. B3).
Plant functional types. Species were assigned to one of the plant functional types (PFT):
fast growing, early successional trees (PFT 1), semi-fast growing trees, mid successional
trees (PFT 2) and slow-growing, late successional trees (PFT3). A species was assigned
to a PFT according to its mean dry wood density [Chave et al., 2006] as wood density is
related to forest dynamics. Slow-growing trees tend to have higher wood densities than
fast-growing trees [Malhi et al., 2006]. Species with a mean wood density of below 0.45
t m-3 (organic dry matter) were assigned to PFT1, between 0.45 and 0.55 t m-3 to PFT2
and above 0.55 t m-3 to the slow-growing PFT3 so that slow-growing trees are rather
associated to PFT3 and fast-growing to PFT1 [Kazmierczak et al., 2014].

B 1.3

Calibration, fine tuning and validation

We used tree records (dbh < 10 cm) of the Large Scale Biosphere-Atmosphere
Experiment in Amazonia (LBA), [Brondizio and Moran, 2009; Chambers et al., 2009,
2013a; Jirka et al., 2010]. We gathered all available species, stem diameter, height
and maximum growth rate of each tree to derive parameters for allometric functions
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Figure B1: The basic concept of the forest model FORMIND. The forest model is mainly driven
by light (photosynthetic photon flux density (PPFD)). Every year, establishment, competition for light, growth and mortality are simulated. The light that reaches a seed
determines whether it can establish. Each tree competes under individual conditions
for space and light. Growth of an individual results from photosynthetic production
and respiratory losses. Mortality is determined stochastically. Specific functions that
are used for this study are listed in Tab. B1 and its parameters in Tab. B2. A full
model description has been published in Fischer et al. [2016] and is also available on
www.formind.org.

(Tab. B2). Common tree names were assigned to species according to Grandtner and
Chevrette [2013].
The parameters that describe mortality (m0 ,m1 ), photosynthesis (pmax and α) and minimum light availability (Imin ) for establishment play a crucial role in forests’ succession
and species composition. They were numerically calibrated or ‘fine tuned’ [dynamically
dimensioned search (DDS) as in Lehmann and Huth, 2015] against inventories of forests
in different successional stages so that modeled biomass and tree diameter distributions
match those observed. The Manaus forest site (MA) represents a forest in climax state [4
x 1 ha subplots, Kunert et al., 2015]. At the other locations (YA, BR, PP, Tab. B3), forest
inventory data was available for different successional stages [10 x 0.4-1 ha subplots,
5-100 years old tree populations Brondizio and Moran, 2009].
The calibration has been performed including all sites (MA, YA, BR, PP) regarding their
specific environmental condition (here light). The calibration method DDS ran with
5000 iterations. The objective function was built as follows:
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(B1)

with: index represents l different locations and different successional stages, p PFTs,
observed biomass Bo , observed number of small trees (dbh < 50 cm) Nso , observed
number of large trees (dbh > 50 cm) Nlo , modeled biomass Bm , modeled number of
small trees (dbh < 50 cm) Nsm and modeled number of large trees (dbh > 50 cm) Nlm .
σ is the variability in biomass in the tropics based on the area of sample plot [RéjouMéchain et al., 2014]: the bigger the inventory, the less its variability/uncertainty. cB is
the maximum biomass, cNl the maximum number of large trees and cNs the maximum
number of small trees over all inventories per PFT. These weights were needed to relate
biomass and tree size distributions:
cB (PFT1,PFT2,PFT3)=(40,73,234);
cNs (PFT1,PFT2,PFT3)=(184,190,547);
cNl (PFT1,PFT2,PFT3)=(5,5,24).
Ranges for the parameters are:
pmax (PFT1)∈[11,18], pmax (PFT2)∈[8,11], pmax (PFT3)∈[5,7.5];
α(PFT1,PFT2,PFT3)∈[0.05,0.3] and α(PFT3)> α(PFT2)> α(PFT1);
Imin (PFT1)∈[0.09,0.18], Imin (PFT2)∈[0.03,0.09], Imin (PFT3)∈[0.005,0.03];
m0 (PFT1)∈[0.07,0.1], m0 (PFT2)∈[0.035,0.07], m0 (PFT3)∈[0.001,0.35];
m1 (PFT1)∈[0.3,0.6], m1 (PFT2)∈[0.5,0.7], m1 (PFT3)∈[0.6,0.9]
and m1 (PFT3)> m1 (PFT2) > m1 (PFT1).
The ranges are set according to preliminary knowledge from previous studies [e.g.,
Dislich et al., 2009; Fischer et al., 2014, 2016; Kazmierczak et al., 2014]. Note that
none of the calibrated parameters reach the upper or lower limits (Tab. B2).
Taking 3 PFTs at 14 plots results in 14 (independent sites) x 9 (summary statistics of the
objective function: biomass, stem number of small tress, stem number of large trees per
PFT) = 126 field measurements the model is calibrated against. Extensive preliminary
testing of objective functions showed that the chosen summary statistics (summing up
values for large (dbh > 50 cm) and small (dbh < 50 cm) trees instead of fitting against
all diameter classes) were the most effective within this study.
The fine tuning resulted in one generic set of model parameters. The derived parameter set reproduced biomass and stem size distributions well (Fig. B3), considering the
fact, that the inventory sites represent different successional states, they have different
environmental conditions and that tropical forests are highly diverse. The forest model
was validated with independent measurement: Kunert et al. [2015] report a mean leaf
area index (LAI) of 5.09 for the forest stand in Manaus while FORMIND simulates a
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mean leaf area index of 4.63 in climax stage (mean over 100 ha during simulation years
500-1000).
Table B1: Specific functional relations used in this study with dbh: diameter at breast height; h:
tree height, cd: crown diameter; f: form factor; cl: crown length; lai: leaf area index;
g: stem diameter increment; m: stem based mortality rate. Further basic functions are
listed in Fischer et al. [2016].
Description

Function

height - dbh

h = h0 dbhh1

crown diameter - dbh

cd = cd0 dbh

form factor - dbh

f = f0 dbhf1

crown length - height

cl = cl0 h

LAI - dbh

lai = l0 dbhl1

growth curve

g = g0 dbhg1 eg2 dbh

mortality

m = m0 e−m1 dbh

Figure B2: (a-d) Simulation of forest succession at different sites (locations listed in Tab. B3) for
three different plant functional types (early, mid and late successional trees) using
the best fit parameters (Tab. B2). The simulation envelope shows the variation of simulated biomass at the scale of 1 ha (95% quantile for 100 simulations). Comparison
with field data (dots) in different successional stages (different ages of forest stands at
YA, BR and PP recorded in Brondizio and Moran [2009], at Manaus (MA) we assume
an old-growth forest in climax stage). (e-k) Simulated tree size distributions compared to field data in different successional stages. The simulation envelopes show
the variations at the scale of 1 ha (95% quantile for 100 simulations).
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Table B2: PFT-specific parameter values of the forest model. *Brondizio and Moran [2009];
Chambers et al. [2009, 2013a]; Jirka et al. [2010]
Parameter Description

Unit

PFT1

PFT2

PFT3

Reference

Light and Establishment
k

light extinction factor

-

0.6

0.6

0.6

Larcher
[2001];
Dislich et al. [2009]

Nseeds

number of global seeds

ha−1

100

60

40

estimated

Imin

min. light intensity to
establish

%

0.13

0.07

0.01

calibrated

max. height

m

30

40

65

derived from inventory data*

height-dbh relation

-

38.305

35.975

36.544

0.552

0.518

0.522

derived from
inventory data*

cd0

crown diameter- dbh
relation

-

19

19

19

Dislich et al. [2009]

cl0

crown length- height
relation

-

0.4

0.4

0.4

Fischer et al. [2014]

LAI-dbh relation

-

4

4

4

-0.1

-0.1

-0.1

0.3361

0.3361

0.3361

-0.18

-0.18

-0.18

Geometry
Hmax
h0
h1

l0
l1
f0
f1

form factor-dbh
relation

-

estimated

Fischer et al. [2014]

Biomass and Productivity
ρ

wood density

tm−3

0.374

0. 512

0.712

Chave et al. [calcualted from 2006]

m

transmission
coefficient of leaves

-

0.1

0.1

0.1

Larcher [2001]

pmax

max. assimilation rate

µmolCO2
m−2

13.42

7.93

3.39

calibrated, ranges
from Reich et al.
[1997]

α

slope of light response
curve

µmol(CO2 )
0.268
µmol(photons)−1

0.201

0.125

calibrated

33.965

4.382

3.494

growth curve

-

0.898

0.356

0.502

-5.428

-1.141

-1.885

g0
g1
g2

derived from
inventory data*

total
stem

-

0.7

0.7

0.7

Fischer et al. [2014]

m0

max. mortality at establishment

-

0.075

0.061

0.016

calibrated

m1

slope of mortality

-

0.31

0.54

0.83

calibrated

σ

ratio
abovegroundbiomass

s−1

Mortality
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Table B3: Inventory sites used for the calibration of the local forest model in central Amazon
rainforest.
Location

Region

Reference

53.80◦ W,

1.00◦ S

Bragantina (BR)

Brondizio and Moran [2009]

60.16◦ W,

2.64◦ S

Manaus (MA)

Kunert et al. [2015]

48.86◦ W,

1.36◦ S

Ponta de Pedras (PP)

Brondizio and Moran [2009]

Yapu (YA)

Brondizio and Moran [2009]

70.00 ◦ W, 2.00◦ S

B 1.4

Regionalization of the forest gap model

Expanding the forest model from the local scale (stand level) to the regional scale (entire Amazon rainforest) implied some model adaptations. The mortality at establishment
parameter (m0 ) for PFT3 was calibrated against inventory data. We used a database
[Lopez-Gonzalez et al., 2011; Mitchard et al., 2014] in which mean biomass, basal area
and specific wood density of 413 sites have been documented (dbh > 10 cm). 372 sites
fall into our study area of which we pick 186 randomly for model calibration (the rest
is taken for validation; we sort out observed mature forests where google maps shows
heavy deforestation). The calibration method (dynamically dimensioned search algorithm, DDS) ran with 1000 reiterations [Lehmann and Huth, 2015]. For calibration, we
used the following observed data (dbh > 10 cm): mean total biomass of the plot Bo ,
mean basal area BAo and mean wood specific gravity ρso ([g cm−3 ]) weighted per stem
number and ρBAo weighted per basal area. The objective function is built as follows:

Q=

ρS − ρSm 2
ρBAo − ρBAm 2 
1  Bo − Bm 2
BAo − BAm 2
(
) +(
) +( o
) +(
) ,
4
ρSo σ
ρBAo σ
Bo σ
BAo σ

(B2)

where m indicates the simulated and o the observed values. σ is the variability in biomass
in the tropics (see above).
We performed a linear regression between the calibrated parameter values and environmental conditions which were available as Amazon-wide maps (Tab. B4). In addition,
we applied a multivariate regression (all combinations of two environmental conditions).
The correlations between the fit and calibrated parameters were best for a combination
of water related (precipitation, length of dry season, climatic water deficit) and soil
type and structure related (clay, silt, gravel) conditions. These correlations are listed in
Tab. B5. We chose precipitation (mm a−1 ) and subsoil clay fraction ([0,1]) as a proxy
for mortality at establishment of PFT3 since it showed the smallest standard error with
a relatively high R2 . The fit function is describes as follows:

mf = 0.080417 − 37.093213e − 03 · clayfraction − 1.724374e − 05 · precipitation
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Mortality of PFT3 varies for each simulated hectare plot within (randomly picked for
each ha):

m0 (PFT 3) = mf ± std,

(B4)

while m0 (PFT3)∈[0.004,0.055] and standard error (std) = 0.08.
In general, mortality is age-dependent and decreases with stem diameter. The change in
the parameter m0 with precipitation and clay fraction scales the age-dependent mortality curve (see equation in Tab. B1) vertically.

Figure B3: (a-d) Simulation of forest succession at different sites (locations listed in Tab. B3) for
three different plant functional types (early, mid and late successional trees) using
the best fit parameters (Tab. B2). The simulation envelope shows the variation of simulated biomass at the scale of 1 ha (95% quantile for 100 simulations). Comparison
with field data (dots) in different successional stages (different ages of forest stands at
YA, BR and PP recorded in Brondizio and Moran [2009], at Manaus (MA) we assume
an old-growth forest in climax stage). (e-k) Simulated tree size distributions compared to field data in different successional stages. The simulation envelopes show
the variations at the scale of 1 ha (95% quantile for 100 simulations).

B2

Linking model and canopy height map

We assumed that the observed canopy height [Simard et al., 2011] reflects the current
successional state of each 1km2 patch in the Amazon rainforest. The smallest resolution
of FORMIND is 20 m x 20 m where trees grow individually. The challenge lies in linking
information at two different spatial scales (Fig. B4). Therefore, we needed to clarify two
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Table B4: Coefficient of determination (R2 ) between local climatic (annual mean) or soil conditions and calibrated mortality parameter, standard error (stdErr) and p values. Local
conditions are derived from 1 Weedon et al. [2014], 2 GLOBE Task Team et al. [1999];
3 climatic

water deficit, Chave et al. [2014], 4 Wieder et al. [2014].

Local condition

R2

stdErr

p value

Local condition

R2

stdErr

p value

length of dry season1

0.162

0.157

<0.001

topsoil silt fraction4

0.081

0.174

<0.001

0.11

0.212

<0.001

elevation a. s.

l.2

0.012

0.606

subsoil gravel

fraction4

0.741

topsoil gravel

fraction4

0.086

0.22

<0.001

<0.001

subsoil bulk density4

0.003

>>1

0.511

topsoil bulk density4

0.184

temperature1

0.001

0.322

temperature range1

0.09

0.191

precipitation1

0.132

0.188

<0.001

cwd3

0.125

0.198

<0.001

0.006

0.867

0.369

subsoil organic

carbon4

0.03

0.516

0.038

carbon4

0.001

>1

0.731

0.029

0.368

0.04

0.003

0.67

0.491

0.07

0.29

0.001

0.002

>1

0.584

fraction4

0.109

0.161

<0.001

topsoil organic

topsoil clay fraction4

0.024

0.299

0.062

subsoil carbon4

0.668

carbon4

subsoil clay

subsoil sand

fraction4

topsoil sand

fraction4

subsoil silt fraction4

0.001

>1

topsoil

O4

0.031

0.334

0.034

topsoil ph of H2

0.076

0.213

0.001

subsoil ph of H2 O4

Table B5: Coefficient of determination (R2 ) between fit (multivariate regression driven by two
local conditions) and calibrated mortality parameters, standard error (stdErr) and p
value. We chose precipitation and subsoil clay fraction as a proxy for mortality since it
showed the lowest standard error with an R2 >0.22.
Local condition

R2

stdErr

p value

Local condition

R2

stdErr

p value

length of dry season,
topsoil silt fraction

0.042

0.291

0.013

precipitation,
clay fraction

subsoil

0.224

0.08

<0.001

length of dry season,
subsoil silt fraction

0.257

0.14

<0.001

precipitation,
gravel fraction

topsoil

0.201

0.148

<0.001

length of dry season,
topsoil clay fraction

0.185

0.116

<0.001

precipitation,
gravel fraction

subsoil

0.211

0.123

<0.001

length of dry season,
subsoil clay fraction

0.25

0.099

<0.001

cwd, topsoil silt fraction

0.225

0.132

<0.001

length of dry season,
topsoil gravel fraction

0.209

0.125

<0.001

cwd, subsoil silt fraction

0.203

0.121

<0.001

length of dry season,
subsoil gravel fraction

0.221

0.121

<0.001

cwd, topsoil clay fraction

0.132

0.145

<0.001

precipitation, topsoil silt
fraction

0.218

0.105

<0.001

cwd, subsoil clay fraction

0.208

0.121

<0.001

precipitation, subsoil silt
fraction

0.153

0.09

<0.001

cwd, topsoil gravel fraction

0.186

0.146

<0.001

precipitation,
clay fraction

0.163

0.14

<0.001

cwd, subsoil gravel fraction

0.213

0.132

<0.001

topsoil
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Table B6: Datasets used for analyses and localization of the Amazon region. All data are regridded to the grid of the canopy height map with the climate data operators [CDO, 2015].
Variable

Dataset

Year

Resolution

Reference

Topography [m]

Global Land One-km Base Elevation
Project

-

1 km

GLOBE Task Team et
al. [1999]

Precipitation [mm a−1 ]

WFDEI Forcing Data

2003-2012

0.5◦

Weedon
[2014]

et

al.

Temperature [◦ C]

WFDEI Forcing Data

2003-2012

0.5◦

Weedon
[2014]

et

al.

PPFD [µmol m−2 s−1 ]

WFDEI Forcing Data

2003-2012

0.5◦

Weedon
[2014]

et

al.

Soil data

Harmonized World Soil Database

-

8 km

Wieder et al. [2014]

Max. canopy height [m]

canopy height map

-

1 km

Simard et al. [2011]

aspects: (1) the interpretation of the values in the canopy height map and (2) the time
step in the forest simulation that matches the conditions of the canopy height map.
Aspect (1): The canopy height map was validated with the 3 tallest trees within a 20
m radius [Simard et al., 2011]. This area is comparable to the size of a GLAS footprint
where the LIDAR signal is the strongest. The canopy height of the map is therefore
compared to the simulation on 40 m x 40 m patches within the simulated 1km2 (marked
in red by example for three 40 m x 40 m patches in Fig. B4).
Aspect (2): In order to identify the successional state (simulation time steps) to which
the observation can be compared to, we searched for all time steps when the observed
canopy height (±1 m) fits to simulated forest heights on a 40 m x 40 m patch. In total,
we select at least 625 40 m x 40 m patches (= 100 ha = 1km2 ). These patches have no
spatially explicit position within the 1 km2 . Biomass, stem number or basal area values
can only be plotted spatially explicitly at 1 km2 resolution (mean over 625 40 m x 40 m
patches).
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Canopy height [m]

CANOPY HEIGHT
MAP

d=

65
m

100m

...

FORMIND resolution

20m

...

1 km

MODEL OUTPUT

100m

1 km

PPFD [mol m-2 s-1]
Precipitation [mm a-1]

MODEL INPUT

Clay fraction [-]

Figure B4: GLAS (LIDAR satellite) resolution versus FORMIND resolution. The yellow circles indicate the GLAS footprint. The squared grids indicate the resolution of the forest model
(20m x 20m plots in 100 ha = 1km2 ). The height derived from LIDAR is compared to
the simulated maximum height within an area of 40m x 40m (red box).
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Figure B5: Coefficient of variation (CV) of biomass that results from different biomass values
that are assigned to a specific canopy height.

Figure B6: Simulation results vs. maps of (a) Saatchi et al. [2011] and (b) Avitabile et al. [2016].
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Figure B7: Comparison of simulated basal area (closest location to inventory in basal area map,
Fig. 6a) and observed basal area at 80 field inventories [Lopez-Gonzalez et al., 2011;
Mitchard et al., 2014]. The dashed line is the 1:1 line. R2 = 0.26, RMSE = 6.6 m2
ha−1 , normalized RMSE = 0.21.

Figure B8: Comparison of simulated basal area (closest location to inventory in basal area map,
Fig. 6a) and observed basal area at 80 field inventories [Lopez-Gonzalez et al., 2011;
Mitchard et al., 2014]. The dashed line is the 1:1 line. R2 = 0.26, RMSE = 6.6 m2
ha−1 , normalized RMSE = 0.21.
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Figure B9: Simulation results with constant mortality rates. Map of aboveground biomass (stem
diameter > 10 cm) in the Amazon rainforest (South American rainforest with elevation < 1000 m) and frequency distributions (right) simulated with an individualbased forest model. Successional stages within the simulation were identified via a
canopy height map. Mean AGB = 199±82 t ha−1 with Western Amazon 216±83
t ha−1 , Brazilian Shield 161±88 t ha−1 , East Central Amazon 201±63 t ha−1 and
Guiana Shield 228±65 t ha−1 .
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Samplesize 4ha
Samplesize < 4ha

500
Sim. AGB [t ha 1]

400
300
200
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0
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100 200 300 400
500
Obs. AGB [t ha 1]

Figure B10: Comparison of simulated above-ground biomass AGB (closest location to inventory
in AGB map, Fig. B9) and observed AGB at 114 field inventories [Houghton et al.,
2001; Lopez-Gonzalez et al., 2011; Mitchard et al., 2014; Poorter et al., 2015].
Mortality rates are constant throughout the entire Amazon rainforest. The range of
observed AGB (horizontal grey error bars) comes from different allometries used in
Mitchard et al. [2014]. The error bars for the simulated biomass (vertical grey error
bars) result from different time steps at which the observed canopy height matches
the simulated canopy height. The dashed line is the 1:1 line. R2 = 0.37, RMSE =
83.8 t ha−1 , nRMSE=0.17.

Figure B11: Frequency distribution of simulated aboveground biomass with constant mortality
rates and variable mortality rates.

Figure B12: Tree density distribution for small, intermediate and large trees derived from simulation approach (dbh – diameter at breast height).
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Figure B13: Mortality response units for mature trees (diameter at breast height = 0.5 m).

Figure B14: Simulation results with spatially variable mortality rates (Fig. B13). Map of potential
aboveground biomass (stem diameter > 10 cm, mean over simulation years 5001000) in the Amazon rainforest and frequency distributions (right) simulated with
an individual-based forest model.
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Figure B15: Maps of mean maximum canopy height at 1 km2 resolution: (a) for a mature forest simulated with FORMIND and its normalized frequency distribution at 0.04 ha
resolution (right); (b) canopy height map of Simard et al. [2011] and normalized
frequency distribution (right).
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C

APPENDIX OF CHAPTER

GPP
GPP

4

NEP = GPP - R

R

Tree
respiration

Figure C1: Carbon fluxes as simulated in the forest model FORMND. Gross primary production
(GPP) is divided into wANPP and tree respiration. Since the model calculates on yearly
time steps, foliage turnover is included in the trees’ respiration. The sum of foliage
turnover and wANPP is the above-ground net primary production (ANPP). Roots are
not included in the model. Long-term root turnover is part of the trees’ respiration.
The fast and slow soil carbon pools built up from decomposing dead trees. The net
ecosystem productivity (NEP) than equals the difference between GPP and respiration
(R).
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GPP
[tC ha 1 a 1]

(a)

wANPP
[tC ha 1 a 1]
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Time [a]

Figure C2: Simulated (a) gross primary production (GPP), (b) woody above-ground primary production (wANPP), and (c) net ecosystem productivity (NEP) from bare ground to
steady-state, exemplary for a randomly picked 1 ha plot in the Amazon. The range
around the mean indicates the variability of 0.16 ha within 1 ha.

Figure C3: Fluxes at different successional states of the forest at 0.16 ha resolution. The successional state is indicated by the fraction of basal area of late successional trees within
a patch. Boxplots with median (blue horizontal line) and outliers (blue dots) for (a)
woody above-ground carbon use efficiency (wACUE), (b) stem mortality rate.
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(a)

BR-Sa3
GF-Guy
Malhi et al. 2015

Area [Mio km2 ]

>2.5
2.0
1.5
1.0
0.5

eddy-flux

Malhi et al. 2015

Area [Mio km2 ]

4

Area [Mio km2 ]

inventory

GPP [tC ha−1 a−1 ]

>2.5
2.0
1.5
1.0
0.5

>3.5
3.0
2.5
2.0
1.5
1.0
0.5

MODIS

14 18 22 26 30 34 38 42

(b)

(c)

FORMIND

6

8 10 12 14 16 18 20 22 24

NPP [tC ha−1 a−1 ]
BR-Sa3
GF-Guy

2 1 0 1 2 3 4 5 6 7 8

NEP [tC ha−1 a−1 ]

Figure C4: Frequency distributions of FORMIND estimates for potential (in climax state, average
over simulation years 500-1000) (a) gross primary production (GPP), (b) net primary production (NPP), and (c) net ecosystem productivity (NEP) for forests in the
Amazon at 1 km2 resolution in comparison to: estimates from remote sensing [1 km2
resolution, MODIS, Running et al., 2004], inventory data [<1ha resolution, 10 plots
with recorded GPP and NPP, Malhi et al., 2015], and eddy covariance measurements
(at GF-Guy and BR-Sa3). The ranges of estimated values from field inventories are
marked in grey. Eddy-flux measurements at two sites are shown for the full range of
annual sums. Note that positive values of NEP indicate a sink of atmospheric carbon.
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Figure C5: Relation between simulated carbon fluxes and successional states within the Amazon
rainforest at a resolution of 1 ha. Successional states are represented by the basal area
fraction of late successional trees within each 1 ha plot (yellow for early successional
state to dark blue for late successional states). (a) Aboveground biomass (AGB) vs.
AGB, (b) gross primary production (GPP) vs. AGB, (c) GPP vs. wANPP, and (d) GPP
vs. net ecosystem productivity (NEP). GPP, NEP and wANPP are in tons carbon per
hectare per year (tC ha−1 a−1 ); AGB values are in tons dry mass per hectare per year

frequency

(t ha−1 a−1 ).

1.2
1.0
0.8
0.6
0.4
0.2
0.0

FORMIND

0

2

4

Brienen et al. (2015)

6

wANPP [tC ha−1 a−1 ]

Figure C6: Relative frequency distribution of observed woody above-ground net primary production (wANPP) of mature forest sites [Brienen et al., 2015b] and of simulates wANPP
across the entire Amazon at different successional states at 1 ha resolution.
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Table C1: Parameter values of the forest model.
Parameter Description

Unit

PFT1

PFT2

PFT3

Reference

Mortality
m0

max. mortality at establishment

-

0.075

0.061

[0.004,0.055] B2

m1

slope of mortality

-

0.31

0.54

0.83

Sdead

initial dead wood pool

tC ha−1

5.5

randomly picked from
long-term simulation

Sslow

initial slow decomposing soil carbon pool

tC ha−1

10.5

randomly picked from
long-term simulation

Sfast

initial fast decomposing soil carbon pool

tC ha−1

12.5

randomly picked from
long-term simulation

tDA

respiration rate Sdead
to the atmosphere

a−1

0.168

Paulick et al. [2017]

tSA

respiration rate Sslow
to the atmosphere

a−1

1/750

Paulick et al. [2017]

tFA

respiration rate Sfast
to the atmosphere

a−1

1/15

Paulick et al. [2017]

B2

Soil polls
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Frequency distributions of FORMIND estimates for (a) gross primary production (GPP), (b) net primary production (NPP), and
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1 km2 resolution in comparison to: estimates from remote sensing [1 km2 resolution, MODIS, Running et al., 2004], inventory
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within the Amazon rainforest at a resolution of 0.16 ha (Fig. C5
for 1 ha resolution). Successional states are represented by the
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gross primary production (GPP) vs. AGB, (c) GPP vs. wANPP,
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(a) Limitation of photosynthesis by soil water content (Eq. 2.5).
Observed data of the Wetzstein site are filtered for optimal temperature conditions and sunny days. (b) PPFD vs. GPP and the
forest model’s functional relation (sum over Eq. 2.1). Observed
data were filtered for optimal temperature and water conditions.
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and the models’ functional relation (Eq. 2.7). Data were filtered
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mid and late successional trees) using the best fit parameters
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(a-d) Simulation of forest succession at different sites (locations
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