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ARTICLE INFO ABSTRACT
Keywords: Large scale above-ground-biomass (AGB) estimation remains highly uncertain. Multi-sensor, multi-scale and
Carbon cycle multi-temporal analyses are crucial for capturing the dynamics and the heterogeneity of forests. The European

Tropical forests Space Agency’s BIOMASS mission will play a key role in future biomass monitoring. Considering the differences

illzl)mas: in the spatial scales of input datasets, it is essential to investigate these scale effects. This study examines whether
ome! . . . . .
Scales i locally trained allometric relationships between forest height and AGB are scale-dependent and how forest

Forest height disturbances impact these estimates.

Forest model Using the forest gap model FORMIND, initialized with inventory data from tropical lowland forests close to
Manaus (Brazil), we simulated forest height and AGB raster products at resolutions ranging from 20 m to 200 m
based on various forest height metrics. Through regression analysis, allometric parameter sets for each resolution
step were derived. We then tested the impact of applying these parameters under various conditions, including
off-scale and off-scenario usage.

Our results show that applying allometric parameters at mismatched spatial scales introduces significant
additional errors. This error becomes more prominent as scale differences increase. Additionally, the type and
severity of forest degradation scenario strongly influences the estimation quality. However, dynamically
adapting allometric parameter sets to local conditions mitigates these errors. Applying the locally trained pa-
rameters to varying disturbance scenarios results in substantial errors, underscoring the importance of incor-
porating local forest structure in AGB models.

While using off-scale allometric parameters is possible, it introduces additional challenges. Our study high-
lights the need for local forest structure products to improve large-scale AGB estimation.

1. Introduction parts of the world, but especially in tropical forests, thus accelerating the
need for suitable estimates of carbon stocks over time, while considering

Estimates on the size of the global carbon potential and current stock local disturbance regimes (Lewis et al., 2015; Mo et al., 2023; Pan et al.,

in forests remain highly uncertain, despite its indisputable role for the 2013). To estimate carbon stocks, Aboveground Biomass (AGB) is
climate system (Chave et al., 2005; Erb et al., 2018; Mo et al., 2023). In frequently used as proxy, which is defined as the total amount of dry
the meantime, disturbances in forest ecosystems are increasing in many matter stored in living trees over ground. To date, in-situ measurements
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of forest Field Inventories (FI) represent the gold standard of forest
structure analysis and non-destructive biomass and carbon quantifica-
tion (Hetzer et al., 2020). Despite their essential role in AGB estimation
of tropical forests, expanding FI data coverage remains a significant
challenge.

Using FI data, AGB can be derived at an individual tree level through
a function of the wood specific density p and the volume of the tree
(simplified through the stem diameter and the tree height H). The trees
diameter D is commonly defined as the Diameter at Breast Height (130
cm, DBH) (Chave et al., 2019).

AGB = f(p.D, H) ©)

Since p is considered, the formula is consistent across forest types,
despite possible effects of regional or environmental changes (Chave
et al., 2014). As species diversity, count of trees and blocked canopy line
of sight can drastically increase the complexity of the estimation in very
dense tropical forests, the above equation must be further abstracted to
estimate AGB. For this, the DBH or the individual tree height H can be
used, which is expected to follow a power law function with AGB (Mette,
2004).

AGB = « x DBH’ 2

AGB= « x H’ 3

The actual meaning behind the allometric factor a and the allometric
exponent f is not consistently defined throughout the literature. Partly,
a and f are seen as purely statistical parameters from the regression
analysis of FI and Remote Sensing (RS) data (Saatchi et al., 2011), or
they are attributed to a physical and ecological significance based on
individual tree proportions, or forest stand properties. Again, the
interpretation also depends on the observed scale. Observing individual
trees, a is attributed to p, and p is seen as scaling exponent between
either DBH or H and the AGB, partially correlating with the tree stage
(Pilli et al., 2006; West et al., 1999; Zianis and Mencuccini, 2004).

By changing the scale from individual trees to forest stands, for
obvious reasons the AGB estimation can no longer be achieved by the
sum of the individual estimations. More aggregated parameters must be
used to drive the allometric equations in (2) and (3). Despite recent
advances to estimate DBH trough means of drone Light Detection and
Ranging (LiDAR) systems (Neuville et al., 2021), these methods are still
in their development phase and restricted to very specific forest types.
Given that the Forest Height (FH) can be operationally mapped by
means of waveform LiDAR (e.g. NASA GEDI), or Synthetic Aperture
Radar (SAR) interferometry (DLR TerraSAR-X/TanDEM-X, ESA
BIOMASS), the usage of the FH paves the way to apply Eq. (3) on
considerably larger scales. Yet, the usage of such a highly aggregated
and scale depended variable poses additional challenges (Kohler and
Huth, 2010; Ni-Meister et al., 2022). On the stand scale, a may be
attributed to anthropogenically or naturally induced changes in stand
density (the number of trees per area unit), and f may be seen as a rough
proxy for growing conditions and successional state (Choi et al., 2021).
Despite the limited research in this direction of interpreting o and f, this
opens the possibility to expand the AGB estimation model described in
Eq. (3) and to create localized allometries, with FH as main predictor.
Thus, for this study, Eq. (4) will be used throughout all analyses and
research questions.

AGByga = « x FH’ 4)

A milestone towards creating reliable time-series estimates of large-
scale tropical AGB will be provided by the BIOMASS mission of the
European Space Agency (ESA) which launched on April 29, 2025. The
mission will consist of a single P-Band, fully polarimetric, SAR satellite
and will provide a polarimetric interferometric SAR (Pol-InSAR)
coverage of forested areas in a 75° N to 56° S latitudinal band. Repetition
times will be every seven months with a spatial resolution of 200 m x
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200 m or 4 ha. In addition to the SAR data, the main outputs will consist
of the AGB products at 4 ha resolution, a one-of-a-kind forest (canopy)
height map at 4 ha resolution and a forest disturbance map for discrete
classification into several disturbance regimes at 50 m x 50 m or 0.25 ha
(Le Toan et al., 2011; Quegan et al., 2019). With the strong link between
forest variables like FH and AGB, this FH product will enable the wide
scale application of FH to AGB allometric models.

An obvious question of scale dependencies arises, when applying
allometric models derived from FI data to an 4 ha resolution forest
height map. Several studies were conducted investigating the relation-
ship between different FH definitions and AGB at varying spatial scales
(Armstrong et al., 2020; Kohler and Huth, 2010; Meyer et al., 2013).
With increasing scale (decreasing spatial resolution), a reduction of
precision and an increase of accuracy was observed in all three studies.
High resolution scales are naturally better suited to describe the local
forest structure, with estimates often influenced by the local distribution
of the most prominent trees. On broader scales AGB estimates are
considerably more accurate and spatially less variable, with the down-
side of a loss of information on the forest structure (Armstrong et al.,
2020; Meyer et al., 2013). The question arises, whether these changes in
the observed scale have actual effects on the estimation of AGB using FH
to AGB allometric models.

To test scale-dependencies and to investigate effects of different
disturbance regimes on the allometric functions, multivariate individual
tree measurements and extensive and spatially vast FI datasets would be
needed. Due to the inherent and obvious lack of such, simulations from
the high resolution individual forest gap model FORMIND by the
Helmholtz-Centre for Environmental Research UFZ (Rodig et al., 2017)
will be wutilized throughout this paper. Also, by applying
Individual-Based Forest Gap Models (IBGM) such as FORMIND, different
forest use and degradation scenarios (old-growth, alias natural, wild-
fires, logging) can be simulated and be accounted for in the analysis.

Given the future availability of a wide scale FH product from the ESA
BIOMASS mission and the possibilities of AGB estimation from FH to
AGB allometric models, the emphasis of this paper is to put a spotlight
on the questions of the applicability of allometric biomass models across
scales and forest disturbance regimes. Thus, the following lead research
questions are defined (Q1 to Q3):

(I) How do the statistical relationship and the allometric parameters
between FH and ABG change with scale?

(II) Can a set of allometric parameters be applied to a vastly different
and considerably coarser resolution scale (e.g. GEDI derived pa-
rameters and BIOMASS FH map)? How much error would be
introduced by doing so? Could the additional error be compen-
sated by using estimates of a at the corresponding scale?

(III) What is the effect of not knowing the disturbance state of the
forest? For example, how does the AGB estimation perform, if sets
of allometric parameters from disturbed regimes are applied to
late-successional undisturbed forests patches?

2. Materials and methods
2.1. The FORMIND model

To establish allometric functions for different disturbance regimes
and spatial scales, simulations from the high resolution IBGM FORMIND
by the Helmholtz-Centre for Environmental Research UFZ (Rodig et al.,
2018) have been utilized. FORMIND has specifically been developed to
simulate tropical forests. Apart from completely simulating tree growth,
mortality, competition and recruitment at user defined scales, it features
three key characteristics that provide a unique opportunity for our
research: (1) it drastically reduces the species complexity of tropical
forests by grouping tree species with similar attributes into Plant
Functional Types (PFT), thus reducing model uncertainty concerning
species and facilitating model parametrization; (2) both natural and
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anthropogenic disturbances are modelled, with their respective effects
on forest structure and forest dynamics; (3) the carbon balance and
biomass assimilation are simulated on the scale of individual trees with a
detailed process-based approach (Armstrong et al., 2020; Fischer et al.,
2016; Rodig et al., 2017). Fig. 1 shows the basic concept of the FOR-
MIND IBGM. The main inputs are light (global radiation, photosynthetic
photon flux density) and the grouping and parametrisation of the PFT.
For every processing year, establishment, competition, growth and
mortality are simulated and projected onto the individual tree carbon
balance (Rodig et al., 2017).

Another key concept inherent to IBGM is the usage of forest gaps. In
the case of FORMIND, the simulated area is segmented into 20 m x 20 m
patches, roughly matching the size of gaps caused by falling trees. These
patches interact in seed dispersal and the falling of large trees, thus the
simulated forests represent a collection of these patches at different
successional stages. Given this concept, the patch size fraction equals the
smallest possible spatial resolution for rasterized datasets, apart from
looking at the simulation results on the scale of individual trees
(Armstrong et al., 2020; Fischer et al., 2016; Rodig et al., 2017).

2.2. Model initialization

The FORMIND simulation used in this analysis is based on the
initialization and parametrization settings described in Rodig et al.,
2017 and Rodig et al., 2018. 25 ha of Brazilian central Amazon basin
tropical rainforest were simulated for 1000 years (1 year time step),
under different environmental and anthropogenic use scenarios. The
simulation started from bare earth. FI data from the Large Scale
Biosphere-Atmosphere Experiment Amazonia (LBA) (Brondizio et al.,
2009) and studies by Kunert et al., 2015 in Brazil were used for the
classification of the trees into PFTs and the calibration of the model. The
undisturbed simulation used in this article is based on an old growth
tropical lowland forest near Manaus (02°38'22.54’S 60°09'51.34"W).
Tree species diversity is estimated with 250 species per ha (Kunert et al.,
2015). This tree species richness was aggregated into three PFTs, which
are abstracted according to the mean wood density, which is a proxy of
growth and successional characteristics and thus the forest dynamics
(Chave et al., 2006). Tree species with a density (expressed as organic
dry matter) below 0.45 t / m® are allocated to PFT 1, between 0.45 t / m®
and 0.55 t / m® to PFT 2 and above 0.45 t / m® to PFT 3 (Kazmierczak
et al., 2014; Rodig et al., 2017).

PFT 1 represents fast growing, pioneering vegetation, that is
dependent on high light availability thus having relatively low wood

Light Climate
i
Photosynthesis
Gross Tree
Photosynthesis Respiration

Tree Carbon
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Tree growth
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densities. PFT 2 contains an intermediate successional state with semi
fast-growing species and higher wood densities. PFT 3 stands for slow-
growing trees with high wood densities and the comparatively highest
shade tolerance. This group represents trees of an old-growth late suc-
cessional forest (Rodig et al., 2017).

Forest succession is driven by mortality, photosynthesis and mini-
mum light availability. Parametrization for the respective function was
performed by numeric calibration against the mentioned forest in-
ventories at varying successional stages. A match between simulated and
observed values for Leaf Area Index (LAI), biomass and tree diameter
distributions was observed (Fischer et al., 2016; Rodig et al., 2017).

To investigate the effect of disturbances on allometric functions,
three model cases were assessed for the analysis. First, the natural sce-
nario represents a non-disturbed forest, where the dynamic is partly
influenced by the mortality of large trees within PFT 3 creating gaps.
Second, the logging scenario is characterized by a semi-stochastic pro-
cess, by which trees with DBH of up to 1.5 m are subjected to logging
events and cause destruction to their surrounding trees by falling. A
more detailed representation of the FORMIND logging process can be
found in Huth et al., 2005. This damage is influence by the applied
logging strategy (here: high impact conventional logging) at a logging
interval of 50 years. The third disturbance regime consists of wildfires.
For every simulation year, a random number of fire events are triggered
following a mean fire frequency per ha (25 fires / ha), a mean fire size
(0.6 ha) and a mean fire severity (0.6, with 0 being low and 1 being
max). The spread of the fire to neighbouring patches is modelled
randomly (Fischer, 2021; Fischer et al., 2016; Huth et al., 2005).

Fig. 2 depicts the AGB dynamics of the 3 scenarios over the 1000-
year timespan and forms the data basis for the following analysis
(area size 25 ha). Mean AGB values are indicated in t / ha, with the
shaded areas representing the 90 % confidence interval, thus the spatial
variation across the 25 individual 1 ha cells.

2.3. FORMIND rasterization

As mentioned, FORMIND provides data on each individual tree
within the 25 ha plot for each time step. To proceed with our analysis,
this individual tree data needs to be rasterised at the defined spatial
resolution scales. FH is the main predictor in the allometric model used
in this analysis (see Eq. (4)). We used four commonly applied FH defi-
nitions to generate the respective raster products and compare the re-
sults. In line with the superordinate idea, to drive allometric FH-to-AGB
models with RS data (like the FH product of the ESA BIOMASS mission),

Recruitment
}
Establishment
|

Crowding

Mortality

Degradation
Logging, Fires,
Fragmentation

Fig. 1. Basic concept of the FORMIND forest gap model. The main processes are recruitment, establishment, mortality and growth. The model inputs (global ra-
diation and PFT grouping) are marked in green. A full description of the model can be found on formind.org (adapted from Fischer et al., 2016; Rodig et al., 2017).
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Fig. 2. (al to a3) Timeseries of the scenario simulation data for natural (al), fire (a2) and logging scenarios (a3) (FORMIND forest model simulations of a 25 ha
area). The colours indicate the different PFTs used in this analysis, with PFT 1 being a light demanding, fast growing species, PFT 2 an intermediate species and PFT 3
representing shade-tolerant late successional tree species. The shaded area around the timeseries shows the 90 % confidence band for results in ha patches. Figures in
b1 to b3 show spatial simulation results of year 380 with dominating PFTs.
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Fig. 3. Summary of the processing and analysis steps performed in this research.
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we focus on FH specifications that resemble products generated by
LiDAR and InSAR systems (see Fig. 3 for a schematic overview of our
analysis).

In line with the BIOMASS FH product, the H100 standard forestry
metric will be applied for the main analysis. The H100 rule has the
advantage, that it roughly represents the forest height as seen by radar
systems at different spatial scales (Hajnsek et al., 2009). The original
H100 definition is defined as the average height of the 100 tallest trees
within a 1 ha area (Philip, 1994). In the case presented in Eq. (5), the
n-fraction of the 100 tallest trees will be used for sub-hectare analysis.
The scale A in Eq. (6) defines the spatial resolution selected by the user
and thus the number of trees included in the average. The number of
trees is defined by n, each individual tree has the height H; Ultimately,
the H100 height is calculated from the vector of the n-th highest H in-
dividual tree heights H;. Resolutions finer than 20 m are excluded, as
these would include few trees, or even singular treesina 10 m x 10 m
resolution case.

1 n
FHy100 = n ZHi %)
i1

n= |100 Trees><i forn>1
1 ha (6)

H= {Hl,Hz,...7Hn7} and H1 ZHQ > ... ZHn

Also, the widely used Loreys height (similar to a waveform LiDAR
derived FH product) is added to the analysis. It is defined by the basal-
area g weighted average individual tree heights within the selected
spatial scale (Lorey, T., 1878):

Y gxH
2.8

For intercomparison to the H100 and Lorey FH described in Egs. (5),
(6) and (7), the FH definition described in Kohler and Huth, 2010 is
added (abbreviated as Kohler / Huth). This FH definition is applied at
two resolution steps: 20 m x 20 m (0.04 ha) and 100 m x 100 m (1 ha).
At 0.04 ha resolution, FH is defined as the height of the tallest tree
within the 20 m x 20 m plot. At the 1 ha resolution, FH is calculated as
the average of the tallest tree heights from each of the 25 individual 20
m x 20 m plots. The definition was accordingly extended to the 200 m x
200 m resolution, while the 50 m x 50 m resolution was omitted. Also,
the arithmetic average value of all individual tree heights within the
resolution cell is added.

These sampling methods can be segmented into two categories: a)
the ones that only consider a quantile of the tree size distribution in the
respective cell (H100 and Kohler / Huth), and b) the ones that observe
and average the complete dataset and thus include the complete het-
erogeneity (Lorey, Averaging).

The AGB maps were produced in line with the FH definitions. For a)
the biomass of the considered (thus the ‘biggest’) trees within the res-
olution cell was aggregated and converted to AGB densities. For b), the
AGB of all trees was aggregated and converted. Thus, the case described
in a represents the AGB of the plots canopy.

To mitigate the effects of the initial growth phase from bare soil, the
first 100 years of the simulation data were clipped for the analysis.
Naturally, regression-based scale analysis of the allometric parameters is
not possible with a simulation covering just 25 ha, when the coarsest
resolution is set to 4 ha. As the actual temporal succession of the forest is
subordinate for this scale analysis, the individual years (25 ha) were
rasterized and aggregated to a large raster ensemble, thus creating an
area of 22,500 ha (15,000 m x 15,000 m). In this process, the rasterized
cells of the individual years were kept together, as this spatial context is
essential when observing the disturbance scenarios. Yet, to avoid spatial
correlation in between the yearly cells, the raster batches of each year
were randomly distributed on the resulting big raster.

FHLorey = (7)

Ecological Modelling 510 (2025) 111339
2.4. Spatial scale analysis

The scale analysis was conducted at spatial resolutions of 20 m x 20
m, 50 m x 50 m, 100 m x 100 m and 200 m x 200 m. For briefness, we
will refer to these as 20 m, 50 m, 100 m, and 200 m. For the statistical
analysis, the resulting raster ensembles were divided into a training set
(3/4) and a validation set (1/4). To investigate the effect of a changing
spatial scale on the allometric parameters, these parameters were fitted
to the corresponding FH and AGB datasets at each resolution using non-
linear least squares fitting. Each regression analysis was carried out with
a sampling size of 3500 raster cells to ensure that the process would not
be biased through an uneven amount of data points between the reso-
lution steps. The regression analysis was repeated 500 times to grasp the
spatial variability. The resulting parameter values are the average of
these repetitions. Boundaries are defined for a [a > 0] and [0 < <
3], for both to remain in ranges similar to results in literature (Kohler
and Huth, 2010). With this, baseline results are obtained at the ‘correct’
and interrelated resolutions steps. This represents the optimal case, as it
makes use of the highest possible data density and strong aggregation
across the created raster ensemble. Since such conditions are not
available in practice, the baseline quantifies the error introduced solely
by the regression and the model’s inherent capabilities. We can then
compare this baseline to more realistic, restricted models.

To assess the effect of using off-scale allometric parameters (see Q2),
two cases (C1 and C2) were defined. In C1, the 20 m parameters from the
baseline results are applied to the coarser resolution scales FH maps and
subsequently compared to the respective baseline validation AGB
datasets. For C2, only the f§ exponent is obtained from the 20 m results
and kept constant over scales. The allometric factor a is fitted to the
‘correct’ resolution scale. In line with attributing a physical significance
to the allometric parameters, we decided against a local adaption of B, as
it is attributed to the forest type, which by itself is expected to be less
variable with scale. An analysis based on global vegetation structure
data carried out by Ni-Meister et al., 2022 showed that p is largely
constant across global forest biomes except boreal forest. The resulting
modelled AGB values are again compared to the corresponding valida-
tion AGB sets.

Lastly for the third research aim, parameter sets from different
simulation scenarios were interchanged. For our case, the parameter sets
obtained from heavily degraded forests (fire and logging) are applied to
the FH dataset of the natural scenario, to form derived off-scenario AGB
datasets. Those are then again compared to the on-scenario validation
results of the individual scale.

The entire processing scheme is visualized in the flowchart of Fig. 3.

3. Results
3.1. General results from the rasterization of the forest model data

Irrespective of the sampling method, the variance of FH and AGB
values was high at the 20 m scale (Fig. 4). At a resolution of 20 m, the
AGB changed between 20 t ha~! and almost 500 t ha™* for the H100 and
Lorey sampling methods. For Figs. 4 and 5, we will focus on these two
sampling methods as they represent the most realistic cases and feature
the mentioned direct relationship to RS derived FH products. Whilst the
FH range is equal for both sampling methods, Lorey sampling shows
slightly higher AGB values compared to H100 (maximum at 479 t ha'l).
For a simplified visualization, the distributions are added in the form of
kernel density estimations (KDE). Both the FH and AGB distributions
collapse with higher scales, yet a higher AGB variance is visible across
scales if compared to the FH frequencies. Average values for FH and AGB
(H100 / Lorey) settle at 23 / 26 m and 193 / 236 t ha~! respectively. A
slight right shift of the FH and AGB frequencies (see the KDE subplots b1,
cl of Fig. 4) is observable in the H100 results, thus prioritizing taller
trees at larger scales. By contrast to the Lorey sampling results, the
distributions of the H100 sampling collapse disproportional with scale,
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Fig. 4. FH and AGB point clouds at the different resolution scales (colours) with corresponding frequency distributions abstracted by a Kernel Density Estimation
(KDE) function for the natural scenario. The individual trees were rasterized according to the H100 (al, b1, c1) and Lorey (a2, b2, c2) FH sampling methods. Note
that the linear features are caused by raster cells in the ensemble, where the stand density is very low, or even composed of a singular tree after the respective
sampling method. Thus, no stand heterogeneity exists resulting in theses near ‘optimal’ allometric curves.

thus forming a near vertical FH to AGB point cloud at the BIOMASS
mission scale of 200 m. Lorey sampling meanwhile maintains higher
variances across scales.

In contrast to the natural scenario, the disturbance scenarios show
considerably less homogenous FH and AGB distributions for all scales,
given the much higher variability in species / PFT composition at any
year of the simulation (Fig. 5). Also, an increased variance across both
simulation scenarios is visible compared to the natural simulation.
Anomalous horizontal patterns are visible for AGB values around 100 t
ha™! in the logging scenario. Whereas for the H100 sampling, a slight
positive correlation between FH and AGB is observable, while the
opposite occurs for Lorey.

3.2. Change of the allometric parameters a and f with scale

Considerable changes, but no trends in the parameters o and p of the
allometric function could be observed over scales, simulation scenarios
and sampling methods (Fig. 6). The step from 20 m to 50 m scales
consistently showed the biggest fluctuations. For «, the logging scenario
shows the lowest values of all three forest states and sampling methods.
The saturation of f§ near the value 3 is caused by its upper bound defi-
nition. For the natural scenario, p values decrease from 50 m upwards
and increase for the disturbance scenarios. An opposed development for
o and f over the scales is noticeable for the non-extreme values. The
RMSE decreases with scale for all scenarios and sampling methods. On
average, the smallest residual errors were observed for the logging
scenario. Regarding the R? coefficient, again no clear statement on the
development with scales, or the comparison between scenarios can be
given. Kohler/Huth sampling returns the highest values, while the
average sampling performs worst. Focusing on the comparison of H100
and Lorey sampling, the latter performs slightly better for the natural
scenario, whereas H100 outperforms Lorey for the degraded forest
simulations.

3.3. Transferability of allometric parameters between spatial resolutions

Fig. 7 summarizes the transferability of the allometric parameters
across the spatial resolutions. If a and } are kept constant, RMSE values
increased for the natural and fire scenario compared to the baseline
scenario. This relative RMSE increase becomes more prominent for
higher resolution scales. Irrespective of the sampling method, RMSE
values did not change by using off-scale parameters for the logging
scenario. If only f is kept constant, both R? and RMSE values were close
to the baseline values in the natural and disturbance scenarios. Inter-
estingly, R? values of constant o and B parameters were higher than
compared to the baseline scenario, or for results with a constant value
for a. Overall, H100 sampling performs better for the fire and logging
scenario, while Lorey sampling delivers more robust relationships in the
natural scenario.

3.4. Results on using off-scenario allometric parameters (Q3)

If allometric functions of the natural scenario had been applied to fire
and logging scenarios, AGB would have been generally underestimated
(Fig. 8). This effect was even stronger for the logging scenario compared
to the fire scenario and if spatial scales increased to 100 m and 200 m.
No change in the distribution between validation AGB to derived AGB
have been observed, indicating a linear shift of the AGB point clouds.

4. Discussion

Overall, the range of the FH and AGB (as well as their relationship) is
comparable to results from studies in tropical forest ecosystems
(Armstrong et al., 2020; Kohler and Huth, 2010; Rodig et al., 2017;
Saatchi et al., 2011). However, variances in the relationship between
AGB and FH were higher compared to previous studies, which is
explained in the following. The high AGB variance is caused by the
combination of the different weighting of the individual height to AGB
allometries, the changes of stand density and both the FH sampling and
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methods, respectively. Colours indicate different spatial scales.

temporal succession of the forest patches in the raster ensemble. This
also explains the highly asymmetric relationship between the FH and
AGB KDE distributions. Forest patches can have the same FH but
considerably differ in stand densities. In addition, following the tem-
poral aggregation of the individual simulation years, the relationship
between growth of the trees and increase in DBH (so AGB assimilation)
is not linear (Pan et al., 2013). The increased AGB density values for the
Lorey sampling are caused by the rasterization and sampling method. In
contrast to H100, all trees were assessed for the AGB density. By
weighing the contribution of the singular trees by their respective basal
area, very similar ranges of FH are achieved as with H100 sampling,
because mature trees are given a higher relevance. Yet, the AGB of the
Lorey sampling is higher than the H100 AGB. In line with expectations
and the simulation inputs, a considerable decrease of AGB values is
caused by disturbance of the forest. For the fire and logging scenario, the
high wood density and slow growing PFT3 has little chance to establish —
thus the AGB development potential of these forest patches is widely
deteriorated. For coarser spatial scales, the ranges of FH and AGB
decreased, which is in line with results from Huth, Drechsler and Kohler,
2005; Armstrong et al., 2020. In the FH-to-AGB correlation of the
disturbance scenarios, the horizontal features or even the partly nega-
tive correlations are caused by the high PFT mixing at intermediate FH
values resulting in trees with similar FH, but considerably different AGB,
due to differences in the specific wood density.

4.1. Change of the allometric parameters with scale

In general, no clear trend is visible for both a and B, but considerable
fluctuations in both parameters are visible across spatial scales, sam-
pling methods and disturbance scenarios. Again, considering the
different scope of the presented sampling methods, a comparability
between the allometric parameters resulting the regression analysis of
the different FH and AGB maps is not expected, as every sampling
method ‘sees’ a slightly different forest canopy composition. Similar
results are visible in Kohler and Huth, 2010. The lowest values for o
occur for the logging scenario across all sampling methods, which can be
explained by the considerably smaller stand density (Kohler and Huth,
2010).

The decrease of R? with scale that is evident in Armstrong et al., 2020
cannot be completely reproduced in our work. While Kohler and Huth,
2010 also show a slight decrease in R? from 61.4 % (20 m scale) to 58.1
% (100 m) with their sampling method, our results did not show a
uniform decrease across all sampling methods. Especially the highly
disturbed forest scenarios showed consistent or even improving R? co-
efficients, which is caused by the decreased variability in FH and AGB
that thus improves the model precision in these scenarios. The advan-
tage of Lorey sampling over H100 in the natural scenario is evident from
the point cloud, as Lorey sampling produces less steep datasets by
regaining a higher FH variability also in higher scales.
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simulations.

4.2. Effect of using off-scale allometries

Two different concepts have been applied to test if allometric func-
tions derived at 20 m can be applied to coarser resolution data. In the
first case, a and p were fixed to the 20 m baseline values, which resulted
in an additional error that increases for coarser scales at the fire and
natural scenarios. In contrast, no changes in RMSE are observed for the

logging scenario. As the logging scenario has relatively constant values
for the allometric parameters across the resolution scales (see Fig. 6), no
prominent change emerges in this case. In the second case, only p is
constant to simulate a localized function that estimates the local stand
density. Overall, this showed a near perfect mitigation of the additional
errors emerging from CI1.

Consequently, for the natural scenario considerable errors arise from
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using off-scale allometric parameters for natural forests. Therefore, a RS
driven function that creates localized estimates for the forest structure
might reduce these errors. For the fire scenario, the effect is less prom-
inent and for logging regimes, no relevant dependency of the allometric
parameters and thus the quality of the simulation is observable with
scale. The question needs to be addressed, at which accuracy o must be
estimated. Given that our approach offers a hypothetical albeit unreal-
istic optimum, we suggest that a coarser classification of o will be suf-
ficient and feasible.

4.3. Effect of forest disturbance on AGB allometries

In general, and in line with expectations, a strong underestimation of
the AGB occurs if allometries trained for degraded forests (in this case
from the forest and logging scenarios) are applied to FH maps of old-
growth forest patches. The cause for this is that in our results we are
applying parameter sets that were specifically optimized for degraded
forests to FH maps (and AGB ensembles) of old-growth forest patches,
which features the highest possible AGB densities for our model
initialization. This additional error is substantial and becomes even
more prominent with coarsening scales. The consequence is that espe-
cially at coarser scales, the knowledge on the successional state of the
forest or degradation status is important. Since derivation of such data in
potentially highly fragmented and heterogenous areas is challenging
especially at coarse spatial resolutions, this must be analysed in future
research.

4.4. Implications for future research

Given the indisputable role of tree height (or FH at the non-
individual scale) as predictor for AGB and the upcoming FH and struc-
ture products of the ESA BIOMASS mission, the usage of the described
FH-to-AGB allometries will play a key role for large-scale AGB estima-
tions (Armstrong et al., 2020; Quegan et al., 2019; Saatchi et al., 2011).
Yet, their inherent limitations of transferability and scalability remain.
To address these limitations, the allometric function can be expanded by
attributing the o and p parameters to semi-physical properties and
regionalize those with high resolution RS datasets. This, however, poses
additional challenges concerning the scalability and comparability of
the applied RS and FI datasets. This paper addressed the application of
directly using allometric parameters to much coarser resolution FH
maps, as well as strategies to mitigate the introduced uncertainty.

For this, the IBGM FORMIND offers a unique opportunity, as it forms
the perfect basis to directly investigate forest structure at multiple scales
at the commodity and cost effectiveness of modelled datasets
(Armstrong et al., 2020). PFTs offer a simplified approach to facilitate
model parametrization in extremely diverse ecosystem such as the
Amazonas lowland rainforest considered in this work. Still, dynamic and
functional plant trait diversity is heavily neglected by the PFT approach.
Just as in the parametrization of this work, mean values from FI datasets
are used to describe photosynthetic capacity, wood density and leaf
turnover times a priori. Even though FORMIND incorporates these key
inputs to simulate tree growth, mortality, competition and recruitment
at gap level, plant strategies are set into limited boundaries. Especially
under global change scenarios, PFTs do not have the capability to suf-
ficiently follow alternating plant trait combinations, often leading to
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scenarios are indicated by colour.

overreaction in predicting ecosystem response. New, trait-based vege-
tation models with functional trade-offs are needed to increase model-
ling accuracy of carbon cycle processes (Fyllas et al., 2014; Pavlick et al.,
2013; Rius et al., 2023). This heavily increased complexity comes with
the major drawbacks of a highly complex initialization and significantly
increased modelling times. For our application, a trait-based approach is
not required. Even though we model 1000 years of forest succession in
all three scenarios, environmental changes are not considered, and a
dynamic adaption of plant traits and interconnections is secondary.
FORMIND as a model and the model parametrization used in this study
was proven successful in depicting ABG dynamics across forest succes-
sion and disturbance dynamics (Fischer et al., 2016; Rodig et al., 2018
2017). Also, a study by Fischer et al., 2018 demonstrated that three PFTs
are sufficient to realistically grasp forest succession and simulate

10

disturbances.

By incorporating realistic forest degradation scenarios, a shift to-
wards a much broader perspective in forest structure analysis becomes
viable. In contrast, FI datasets are often either located in prime old-
growth locations, or in highly degraded forests. Thus both the repre-
sentativeness and transferability is impeded when using those in com-
bination with RS products (Fischer et al., 2016; Kohler and Huth, 2010).
The main downside of applying an IBGM in our analysis lies in the lack
of the representation of natural heterogeneity due to the abstraction
inherent to models. With the simulation environment produced by
FORMIND and the near optimal process of the least-squares regression
(within its obvious limitations), the resulting absolute errors and mar-
gins are likely considerably smaller compared to real world datasets and
scenarios.
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This study does not intend to find the ‘best’ sampling method to
create a FH map from individual tree datapoints. The four methods
H100, Lorey, Averaging and Kohler/Huth were included to improve the
comparability to existing work, as well to provide a wider range of
commonly used definitions in forest ecology (Armstrong et al., 2020).
Moreover, it is important to both highlight the implications and limi-
tations of the different sampling methods and create awareness for
resulting FH and AGB changes in dynamic scenarios. Two main concerns
arise: first, the FH distribution (and so the AGB) shifts to higher values
for segmenting sampling methods, as only the n™ highest trees are
considered to form the FH and AGB raster datasets. Thus, a segmentation
and partially very drastic restriction of the natural heterogeneity occurs,
while coarser resolutions render higher values for FH and AGB. For the
non-segmenting, averaging sampling methods with all trees being
considered, a generally higher AGB density is achieved. In both cases,
the question could be asked, which method is better suited for appli-
cations to satellite data. In practise, these considerations must also
encompass data availability and/or cost effectiveness if additional
datasets must be developed. Given such future datasets (like the ESA
BIOMASS FH product), work needs to be done to close the gap between
creating a uniform definition for the FH from RS and then the bottom-up
sampling of the individual trees from either FI or simulation for the
regression analysis of the allometric parameters.

5. Conclusion

In summary, our study emphasizes the importance of interpreting the
driving factors and dependencies of FH-to-AGB allometric functions. In
light of the ever-growing availability of RS data, multi-sensoral, multi-
scale and multi-temporal analyses will become more feasible. Especially
for AGB estimation, FH driven allometries will play a major role, also
with the upcoming BIOMASS mission and existing and on-going GEDI or
TerraSAR-X / TanDEM-X missions. However, a consideration of local
forest structure at a higher spatial resolution is key to reduce un-
certainties and to improve model precision. Scale analysis to assess
comparability and compatibility of different datasets is essential, but
seldom implemented. With our study, we showed with a regression-
based approach and using FORMIND model data that allometric fac-
tors vary with scale, and that these fluctuations are highly dependent on
the FH sampling method and forest disturbance scenario. Using allo-
metric parameters from ‘wrong’ spatial scales is possible but adds a
significant error to the AGB estimate. To mitigate this error, we simu-
lated a potential forest structure function that could be driven by higher
resolution remote sensing data to mitigate the additional error. Given
this, we also emphasize the importance of knowing the forest condition a
priori. Both for stand density estimates, but especially for forest distur-
bance with vastly different AGB potentials, precise and high-resolution
structure references are needed.
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