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Abstract:

Consideration of scale is essential when examining structural relationships in forests. In this
study, we present a parameterization of the FORMIND individual-based forest model for old
growth Atlantic lowland rainforest in La Selva, Costa Rica. Results show that the simulated
forest reproduces the structural complexity of Costa Rican rainforest within 2.3% of
aboveground biomass values, based on comparisons with CARBONO inventory plot data. The
Costa Rica FORMIND simulation was then used to investigate the relationship between canopy
height and aboveground biomass (AGB), leaf area index (LAI) and gross primary productivity
(GPP) at different spatial scales (20x20m, 60x60m, 100mx100m). The relationship between
aboveground biomass and height is of particular importance toward the calibration of various
remote sensing products including lidar and radar, whereas the LAI and GPP relationships are
understudied in this context. We found that the relationship between all three variables and
height varies considerably: the relationship is stronger at finer scales and weaker at coarser
resolution. However, in all three comparisons, RMSE also decreased as scales coarsened, with
the largest difference shown between 100m and 10m resolutions in relating AGB to Lorey’s
height (R? decreased by 0.3; RMSE decreased by 114.5 Mg/ha). This suggests that a trade-off
between accuracy and precision exists, and further highlights the importance of spatial scale in
determining the relatability of forest structure variables.
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Introduction

The accurate measurement of forest structure variables is essential in understanding forest
function at multiple spatial scales. Forest attributes like aboveground biomass (AGB) are
crucial components of studies in global change and carbon cycling (Chave et al. 2003; Dixon
et al. 1994; Drake et al. 2002; Lefsky et al. 2002; Perry 1994; Saatchi et al. 2011a). Directly
measured variables (e.g. diameter at breast height (DBH), tree height, basal area, leaf area index
and stem counts) are achieved at either the individual tree or the plot level, whereas forest
attribute variables (e.g. aboveground biomass, net primary productivity, etc.) can only be
estimated from these direct measurements by applying equations and in some cases through
time to calculate rates. Forest models aid in understanding these relationships between forest
structure and other forest variables. Since the 1970s, individual-based gap models (IBGM) have
successfully elevated our knowledge of forest dynamics, especially across temperate and boreal
forested landscapes (Botkin et al. 1972; Bugmann 2001; Kohler and Huth 1998; Shugart 1984,
1998, 2003, 2018). The versatility of IBGMs allows for high precision scaling of the
amalgamation of direct-measurement plot data to landscape level calculations of changes in
indirect measures, such as forest productivity and carbon flux.

Particularly in the tropics, where ecosystem complexity is high and the forests
themselves are often hard to reach, there is a general lack of long-term repeated forest inventory
datasets. This has hindered the advancement in the understanding of the dynamic floral and
structural complexities found in these ecosystems. Over recent decades, IBGMs have been used
to fill this knowledge gap in understanding the mechanisms that underlie growth, mortality and
recruitment within tropical forest ecosystems (Fischer et al. 2016; Fischer et al. 2014; Hurtt et
al. 2010; Huth et al. 2005; Kohler and Huth 2007; Kohler et al. 2003). IBGMs have already
been used to understand different aspects of tropical forests in a changing world, including:
succession, structural dynamics, species competition and many other mechanisms that underlie
long-term dynamics (Botkin et al. 1972; Bugmann 2001; Fischer et al. 2016; Pretzsch 2009;
Shugart 1998, 2003, Armstrong et al 2018).

The well-documented rainforest of La Selva, Costa Rica provides a unique opportunity
to examine how productivity, aboveground biomass and carbon flux varies through time and
space. Costa Rican rainforests are among 25 global biodiversity hotspots that comprise 44% of
the world’s plant species within 1.4% of the land area (Myers et al. 2000). La Selva is a notable
exception to the lack of long-term datasets that have hampered research efforts elsewhere. The
core of the research station property was purchased by the Organization for Tropical Studies
(OTS) in 1968 and surrounding parcels were purchased into the early 1990s to form the current
1,536ha protected area. There exist much knowledge about the history of human intervention
and inhabitance for this region up to 3000 Y.B.P., as confirmed by carbon dating buried
charcoal (McDade et al., 1994). The successional state of the forests within the research area is
therefore relatively well-known.

Launched in 1996 by D.A. Clark, D.B. Clark and S.F. Oberbauer, the CARBONO
Project has carried out annual forest measurements in 18 x 0.5ha plots located across the
biological station, including relatively fertile flat sites on old alluvial soils, infertile flat sites on
ridge tops, and infertile steep slopes (Clark and Clark 2000). Additionally, studies scaling
structural dynamics and productivity to the landscape level, utilizing techniques combining
long term plot data, remote sensing and forest modeling have contributed to an in-depth
knowledge of La Selva’s rainforest (Drake et al. 2002, Dubayah 2010; Hurtt 2004; Tang 2012).
Drake et al. (2002) validated the use of a large-scale footprint lidar (LVIS) to capture forest
structure variables across multiple landcover types, including pasture, secondary and primary
tropical forests. LVIS metrics were able to predict field derived quadratic mean stem diameter,
basal area and AGB. Similarly, Dubayah et al. (2010) and Tang et al. (2012) used LVIS to
detect changes in canopy structure over La Selva between 1998 and 2005 by relating observed
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changes in canopy height, other height metrics and biomass to field derived changes (Dubayah),
and vertical transects of leaf area index (Tang). Hurtt et al. (2004) used airborne lidar
observations to initialize the Ecosystem Demography Model. Their results produced lha-
resolution biomass maps that showed increased model prediction accuracy when initialized
with LVIS, and compared findings to known forest types within La Selva.

Utilizing a higher resolution modeling framework (e.g. IBGMs) provides the potential
for directly connecting with high resolution remotely sensed datasets at a user-defined scale.
With the advances of supercomputer capabilities during the last decade, IGBMs are poised to
not only be initialized with high resolution remote sensing datasets as with Hurtt et al.’s study,
but to produce maps that broaden the spatial and temporal scale from existing satellite imagery,
with unprecedented accuracy. However, when using satellite imagery, field-based studies and
IGBMs to answer scientific questions, it is important to consider the spatial scale at which each
operates, as well as how each measures structure variables. It is not yet fully understood how
strongly forest structure correlates with other desired forest variables (e.g., AGB) and how
strong the influence of the spatial scale is on this relationship. On a finer scale (e.g. 20m) the
forest structure can be better described, but the estimation of forest variables like aboveground
biomass becomes very uncertain (e.g., due to edge effects and uncertainties in allometries). On
coarser scales (e.g. 100m) these estimate become more reliable, but the fine-scale details of
forest structure cannot taken into account. The choice of a suitable spatial scale is an important
question, especially in remote sensing. Therefore, our study addressed the following research
question:

How does the crucial relationship between canopy height metrics and forest stand biomass
(AGB), leaf area index (LAI) and gross primary productivity (GPP) change at different spatial
resolutions?

This question should be answered by linking extensive field data with a forest model.
Given the substantial knowledge base, La Selva’s rainforest is ideal for examining the use of
individual-based gap models and the veracity of remote sensing derived structure variables. The
model FORMIND was applied in the study to reproduce the patterns found in old growth
tropical forest at La Selva Biological Station. Specifically, we compared distributions in the
number of trees, basal area, aboveground biomass and the stem size distribution of the modeled
forest to that of the La Selva forest inventory dataset. To ensure that our analysis was not biased
by how we defined canopy height, we made comparisons based on four standard height
definitions, including: the mean tree height (Mean), lidar derived maximum height (RH100),
canopy height (Canopy) as defined by Kohler and Huth (2010) and mean height weighted by
basal area (Lorey’s Height). In this manuscript, we present our three forest variables (AGB,
LAI and GPP) compared to Lorey’s Height. The same comparisons to RH100, Canopy height
and Mean tree height can be found in the supplementary Appendices.

Methods

Field site Description

La Selva Biological Station is located in the Atlantic lowlands of northeastern Costa
Rica (10°26°N. 83°59°W, elevation range 37-150m). The 1,600ha site is located at the
northwestern edge of 100,000ha of continuous forest that is comprised of a national park,
national forests and private reserves (Clark et al. 2013). Classified as a tropical wet forest, the
average daytime temperatures range from 24.7 to 27.1°C. La Selva receives 3824mm of rainfall
annually, with slightly lower rainfall occurring from January to April (McDade et al 1994).
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One of the most extensively studied rainforest sites in the tropics, La Selva has 18-0.5ha
forest inventory plots measured annually since 1997 (Figure 1). The plots are located within

Old La Selva, which is bounded to the west
by the Sarapiqui Annex and to the south by
Braulio Carrillo National Park. These plots
follow the ANPP (Aboveground NPP)
measurement methodology, developed
based on Clark and Clark (2001), and
Huston and Wolverton (2009). The repeat
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grow.th rainforest. ' For more on plot Figure 1 The map indicates the study location, old growth
location and sampling design, see Clark forestin La Selva Biological Station, Costa Rica.

and Clark 2000 or the CARBONO website
(http://www.ots.ac.cr/carbonoproject). For an in-depth explanation of ANPP methodology, see
Clark et al. (2013).

FORMIND Model Description
For this study, we used the forest gap model FORMIND (Fischer et al., 2016). It is an
individual- and process-based model designed especially for tropical forests considering the
complex age- and size structure. With this model it is possible to investigate different forest
attributes (e.g. biomass, leaf area, productivity) on user-defined spatial and temporal scales.
The main processes in the model are the establishment of young trees, tree mortality, tree
growth, and competition for light and space. As with the classic individual-based gap models,
seeding, mortality and treefall are stochastic processes that through time lead to a mixed age,
mixed species forest that reaches a stable equilibrium.

The biomass growth of each tree is determined on the basis of a carbon balance, which
includes photosynthesis and respiration. Aboveground biomass Biee [Mg] of a tree is calculated
in relation to its stem diameter D [m] and height Hiree [m] by:

Btreez%'Dz'Htree'f'p/o- (1)
whereby the calculation simply represents the volume of the tree stem (according to its
geometry) multiplied by three factors, which describe the biomass content more concisely
(Fischer et al. 2016). The form factor f [-] accounts for deviations of the stem from a cylindrical
shape. The parameter p [Mg/m?] is the wood density and the parameter ¢ [-] represents the
fraction of total aboveground biomass attributed to the stem. Tree height Hiwee [m] of a tree
relates to its stem diameter D [m] by:

Hiree = hg - DM (2)

where ho and hi are species-specific parameters. The sum of the biomass of all trees within a
certain area gives the biomass of a forest stand.

In FORMIND, tree growth is determined by a closed biomass balance, which is
calculated for each tree, depending on its photosynthesis and respiration (Fischer et al. 2016):
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AB = (1 - rg) * (Peree — Rin) (3)
where g is a factor for growth respiration and Rm, the maintenance respiration. The
photosynthesis Puee of each tree is calculated depending on the shading and its geometry
(Fischer et al. 2016) as:

ak-lipg+ ‘(1-m
Ptree — Pmax | In ln_i.Ll:;lax ( ) (4)
k aklipnge +Pmax-(1-m)

where a is the quantum efficiency, also known as the initial slope of the light response curve,
and pmax 1s the maximum leaf gross photosynthetic rate. The light extinction coefficient is k, m
represents the transmission coefficient, and lind denotes the available incoming irradiance on
top of the tree. The sum of Piec for all trees gives GPP of the forest stand.

Finally, the LAI [m?/m?] can be calculated per tree as the one-sided leaf area per unit
of crown projection area (i.e. the individual’s leaf area index). This individual tree LAI relates
functionally to its stem diameter D [cm] by:

LAl = 1, - D4 (5)

where lo and 11 are type-specific parameters (Fischer et al 2016).

The simulated forest area is divided into 20x20m patches according to the typical size
of tree fall gaps. However, because these traits are calculated on an individual-tree basis, the
20m patches can be downscaled or upscaled according to the desired study area. Tree species
with similar traits were grouped into plant functional types (PFT) according to physiological
attributes such as maximum attainable height and light requirements (Fischer et al., 2018). A
detailed description of the model can be found in Fischer et al. (2016). For this study, we
parameterized FORMIND for the La Selva old growth forest, amalgamating plot data collected
across the three dominant site conditions mentioned in the previous section. It is important to
note that not all FORMIND model parameters could be derived from the available CARBONO
dataset and from the literature. Where La Selva-specific data was not available, general
parameters for rainforests for this region (Barro Colorado Island for example) were used (see
Appendix B). A general FORMIND model description and the species grouping for La Selva
can be found in Appendix A. A full listing of model parameters, both calculated from
CARBONO and found in literature, as well as calibration metrics can be found in Appendix B.

Model Parameterization and Species Grouping

The forest inventory 18-plot dataset representing the old growth forest in La Selva,
measured from 1997 through 2012 was downloaded from the CARBONO website. This dataset
included species (where known) and DBH for each individual tree within the plot, measured
annually. Maximum tree height per species was estimated from separate CARBONO data that
included tree heights per some focal species (but was not included in the inventory plot dataset;
Clark and Clark (1992, 2001), Dubayah et al. (2010), and King and Clark (2011). We calculated
FORMIND parameters from maximum diameter growth increments per species and maximum
DBH from years 1997 to 2005 and 2005 to 2012. Based on maximum DBH and diameter growth
increment as calculated from the CARBONO dataset, the 190 species were grouped into six
plant functional types (PFTs). A listing of this grouping can be found in Appendix A (see: Table
A-3). For each of the six PFTs, we then calculated (based on CARBONO dataset) the following
variables: stem counts, aboveground biomass, average diameter growth increment and
mortality. A list of species group parameters can be found in Table 1 below.
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Table 1 A listing of size and light requirement parameters used to group species into plant functional types (PFTs)
in the Costa Rican FORMIND Model.

Size Class Light Class PFT max DBH max DBH max Field-
(mm) growth Height (m) estimated
(mm/yr) Biomass
(Mg/ha)
Canopy Shade Tolerant (ST) 1 >290 <5 48 49.32
Emergent o, de Intermediate (INT) 2 >290 5-12 45 125.03
Shade Intolerant (SI) 3 >290 >12 30 9.13
Sub-Canopy ST 4 180-290 <5 20 14.375
INT 5 180-291 5-12 15 1.17
Understory ST 6 <180 <5 10 4.1
Model Calibration

When the model parameters were calculated, and entered into the FORMIND parameter
file, simulations were run to calibrate some unknown parameter values (see above section). We
performed a manual calibration to optimize a subsequent auto-calibration. The manual
calibration was accomplished by running the model 250 times, systematically changing a few
unknown parameters in small increments to achieve the best simulation of the study site forest
(see: Lehmann and Huth 2015). Seed production and establishment of seedlings were high
priority calibration variables, as there was little information in the literature and we relied on
general values for the tropics. In addition, mortality and light response curves were also
optimized.

When the manual calibration for each of these variables determined ideal ranges for
each PFT, remaining unknown parameters were numerically calibrated (e.g., global number of
seeds) with a calibration process by comparing the aboveground biomass, species composition,
and tree density of a simulated mature forest with field data from the study region following
Lehmann and Huth (2015). The parameterization was then verified by comparison of stem
numbers per diameter size classes, aboveground biomass, basal area and other structural
variables (see Figure 3 in Results).

Plot size

Figure 2 This conceptual diagram represents the resolution scale differences at which we conducted our analysis
of four definitions of height (RH100, Canopy, Lorey’s and Mean) with aboveground biomass (AGB), leaf area
index (LAI) and gross primary production (GPP).
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Simulation Settings

We analyzed forest succession over 1,000 years, starting with bare ground conditions, in order
to ensure that the simulation encompassed the full life history of the rainforest. To assess the
full structural variability in the forest model, we simulated forest stands with a size of 16
hectares. First, for a comparison of the model output with field data, we calculated the mean of
simulated forest attributes over the last 300-1,000 years, based on the assumption that the forest
is in the equilibrium state for this entire period. In particular, we included aboveground biomass,
basal area, and stem numbers for trees with a DBH greater than 10cm. Second, we analyzed the
relationship between Lorey’s height and AGB, LAI and GPP at four different resolutions (10m,
20m, 50m, 100m). All simulated forest stands between simulation years 300 to 1000 were
aggregated into one large dataset. The dataset was then divided into 10m plots, 20m plots, S0m
plots and 100m plots in order to collect the height variables, and the AGB, LAI and GPP at
each of the resolutions for comparison. The AGB, LAI and GPP were recorded per varied plot
size (e.g. 10m, 20m, 50m and 100m) and then scaled to a per hectare measurement. In order to
avoid biasing our comparisons with uneven numbers of data points between each of the
resolutions, 8,000 random plot data points were collected for each of the variables at each
resolution. Similar methodologies have been undertaken by Mascaro et al (2012) and Knapp et
al (2018).

For the forest height calculation, we investigated four different common height
definitions, including mean tree height (Mean), maximum height as also derived by lidar
(RH100), canopy height (Canopy) and Lorey’s height. The mean tree height is the average of
all tree heights (with DBH>10cm) within the plot size (10m to 100m). The maximum height is
the height of the tallest tree within the plot. Canopy height is the mean of all tree heights within
the canopy, as defined by Kohler and Huth (2010). Lorey’s height is the basal-area-weighted
average tree height of trees in the plot (Lorey 1878).

Results
Forest Model vs. Field data

To test the parameterization for La Selva rainforest, we compared simulated basal area,
aboveground biomass and stem numbers to forest inventory data, scaled to one hectare. Forest
height was also compared to Kellner et al’s (2009) findings (see Appendix B). Comparisons
were made on the level of PFT. We found that when the forest reaches equilibrium after year
200, large intermediate trees (PFT 2) are dominant, followed by large shade tolerant trees (PFT
1). Shade intolerant (PFT 3), sub-canopy shade tolerant (PFT 4), sub-canopy intermediate (PFT
5), and understory shade tolerant (PFT 6) trees together make up only about 5% of the total
forest aboveground biomass.

There is an initial large increase of biomass with the colonization by pioneer shade
intolerant trees (PFT 3, cf. Fig. 3c¢). Shade intermediate trees (PFT 2) quickly compete with
shade intolerant trees, followed by shade tolerant canopy (PFT 1), shade tolerant sub canopy
trees (PFT 4), and intermediate sub canopy trees (PFT 5). As the shade tolerant (PFT 1) canopy,
shade tolerant sub canopy (PFT 4) and intermediate sub-canopy (PFT 5) trees colonize the
understory (ca. year 40), shade intolerant trees reach maturity and quickly decline in numbers
and biomass.

By year 200 of the simulated forest life history, the forest reaches a stable equilibrium
(Fig. 3a, 3c). Intermediate canopy and emergent trees make up the dominant proportion of
biomass (61.6%), followed by shade tolerant canopy and emergent trees (24.3%). Shade
tolerant sub canopy trees (PFT4) account for about 7.0% of the total aboveground biomass. The
remaining plant functional type groups (PFT 3, PFT 5 and PFT 6) are responsible for only a
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small percentage of the aboveground biomass (8.4%). In comparing field data to the simulation,
aboveground biomass for the simulated forest was ca. 200 Megagrams of organic try matter per
ha (Mgopm/ha), which was 2.3% lower than observed in the field data (204.61 Mg/ha) (Fig.
3d). The model slightly underestimates aboveground biomass for PFT 1, and overestimates for
PFT 4 (+/- 1% for each).

The total basal area of the forest was slightly underestimated by FORMIND, with values
of 20.5 m%*ha compared to 21.5 m?ha measured in the actual forest (Fig. 3b). Also
underestimated was basal area of PFT2, which had the largest biomass of all the PFTs, and
accounted for most of the total difference (11.3 m?/ha simulated, compared with 12.3 m?*/ha
field measured). The simulated basal area for PFT4, was the only overestimation by the model;
it accounted for 14.1% of the total simulated basal area, as compared to 12.3% of the total La
Selva measured basal area. Basal area of PFTs 1 and 3 were exactly the same when comparing
simulated and measured values, while PFTs 5 and 6 were underestimated by the model with
differences of 0.33 m?/ha and 0.16 m?/ha, respectively. A detailed evaluation of stem number
distributions can be found in Appendix B.
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Figure 3 Left column from top to bottom: Time series showing basal area in m%ha () and aboveground biomass
in Mg/ha (c) from a bare ground state at year 0 to 300 years. After 300 years, the forest is in a stable equilibrium
and appear similar to years 200-300. The dots at the far right of the figures show the variables as calculated from
the field data set, with colors corresponding to PFT number and color groups to light requirements (i.e. greens are
shade tolerant, blues shade intermediate, red shade intolerant and total in black). Right column from top to bottom:
1:1 comparison between field data calculations (x-axis) and simulation values for late-successional phase of the
simulated forest for basal area in m*ha (b) and aboveground biomass in Mg/ha (d).

Forest Height vs. Aboveground Biomass

In the forest structure analysis comparing four measures of height to aboveground
biomass averaged at four different plot resolutions, we found that the relationship was weaker
at larger scales, but the strength of the relationship also depends on the height definition. The
comparison of maximum height (RH100) and canopy height to AGB at 10mx10m plot
resolution both had the overall strongest relationship (see Appendix C). With each of the height
definitions used in our study, the relationship with AGB was best described using a power-law
function. For the relationship between biomass and height on the 10m scale, the R? values for
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mean height, RH100, canopy height and Lorey’s height was found to be 0.6, 0.91, 0.91 and
0.83, respectively. Detailed results for the RH100, canopy height and mean height correlations
with AGB are found in Appendix C.

When Lorey’s height is compared to AGB at 20 x 20m resolution (Figure 4b), the
predictive capability of the AGB-height relationship decreases to an R? of 0.70. This decreasing
trend continues at coarser resolutions: R? decreases at the 50m resolution to 0.59, and 0.54 at
100m resolution (Fig. 4c, 4d). Conversely, the RMSE of the Lorey’s height-AGB relationship
improves drastically as the resolution coarsens, from 135.3 Mg/ha at 10m resolution, to 15.9
Mg/ha at 100m resolution. This inverse relationship between R*> and RMSE is explained by the
behavior of the plots in Figure 4 (a-d). At the 10m resolution (Fig. 4a), the points spread
throughout the entire height range of the equation that is produced by the best fit line. However,
the distances of the points to the best fit line (RMSE) is overall much larger than the distances
of the points to the 100m resolution best fit line (Fig. 4d), which does not extend over the full
range of Lorey’s height.

° 10m (a) ° 20m (b) (e)
o - o o o
o (e} - = 2
T | T |
£ g S S - i ?
[=] - (=] <+ L
=3 =3 R o RMSE
8 g 2
£ 2] g g |
o « o N
. . ‘\ :
o
o o 4 © | —_
T T T T T T T T T T o ® ©
0 10 20 30 40 0 10 20 30 40 \. s
lorey's height [m] lorey's height [m] R ° w
%)
° 50m (c) ° 100 m (d) < | 5
o Qo o
© [(e]
(]
- - w
© ©
£ 8 | £ 8
D j=>]
= =7 o~ | o
[0} 7 %) * (=)
8 8 o
£ S £ O °
o N o N
e} i e} i
(=)
o o 4 o ] =
T T T T T T T T T T T T T T T T
0 10 20 30 40 0 10 20 30 40 0 20 40 60 80 100
lorey's height [m] lorey's height [m] resolution [m]

Figure 4 At left: The four plots display the relationship between Lorey’s height (m) and aboveground biomass
(Mg, /ha) at plot scales of (a) 10x10m (100m2 = 0.01ha) in blue, (b) 20x20m (400m2 =0.04ha) in red, (c)
50x50m (2500m2 = 0.25ha) in green, and (d) 100x100m (1 0000m” = I .Oha) in black. Note: For the purposes of
visual comparison, the scale of figures (a) through (d) was kept consistent. Nonetheless, the datasets in figures
(a) and (b) are not truncated. Above, (e): The figure compares the Root Mean Squared error at each plot

resolution is (green) and the R’ value at each plot resolution; both were calculated from the best-fit lines for
each dataset shown on the left.

Forest Height vs. Leaf Area Index (LAI)

We compared how LAI varies among the four measures of canopy height at different plot scales
(Fig. 5). Lorey’s height related best to LAI at the 10m resolution (R?: 0.75), with decreasing R?
values as the plot size increased to 100m (0.27). As with AGB, the R? values decrease with
increasing resolution coarseness, however, with LAI, the strength of the relationship decreases
more rapidly; indeed, at 20m plot resolution the R? value is 0.52 and the relationship between
LAI and Lorey’s height at 50m and 100m resolutions cannot be considered meaningful (0.35
and 0.27, respectively).
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Figure 5. Plots showing the relationship of Lorey’s height to Leaf Area Index (LAI) for the simulated forest at
the 10m (a) and 100m (b) scales, including best fit lines in black. RMSE and R? at all four resolutions are shown
in red and green in plot (c). Note: For the purposes of visual comparison, the scale of figure (a) was kept
consistent with that of (b). However, the dataset in figure (a) is not truncated.

When Lorey’s height is compared to LAI, the RMSE also decreases with coarsening
resolution, from 0.8 to 0.1. LAI is commonly defined as the maximum projected leaf area per
unit ground surface. This inherently includes all leaf material from the top of the canopy
downward through the vertical leaf profile, so it necessitates a height measure that is reflective
of the top height of the plot canopy, which is a possible source of error with respect to fit of the
relationship. Mixed heterogeneous forests like that of La Selva have a large variation in LAI
values when measured at fine scales; variation that would be averaged out at large plot scales.
An in-depth comparison of each of the different height measurements to LAI at each plot
resolution is found in Appendix D.

Forest Height vs Gross Primary Productivity (GPP)

The relationship between simulated height and gross primary productivity (GPP) is also
best described using a power law function, as shown in Figure 6. Ryan et al (1994) measured
GPP in La Selva to be around 50 Mg/ha/year, which is in the same order as our simulated GPP
values (40 Mg/ha/year). The correlation of Lorey’s height to GPP was most clear at the highest
resolution with R? values of 0.78 at 10m resolution and 0.61 at 20m resolution. At the 50m
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Figure 6 Plots showing the relationship of Lorey’s height to yearly Gross Primary Production (GPP) in tonnes
biomass per hectare and year for the simulated forest at the 10m (a) and 100m (b) scales, including best fit lines
in black. RMSE and R? at all four resolutions are shown in red and green in plot (c). Note: For the purposes of
visual comparison, the scale of figure (a) was kept consistent with that of (b). However, the dataset in figure (a)
is not truncated.
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resolution however, the correlation was weaker and had an R? of 0.5, and was most weak when
measured at the 100m resolution (R?> =0.43). As with the ABG and LAI comparisons, the
RMSE of the Lorey’s height to GPP relationship decrease with increasing plot size. At the 10m
plot resolution, RMSE is 20.05 Mg/ha but decreases by almost half for each successive plot
size, from 12.07 Mg/ha at 20m plot resolution, to 5.17 Mg/ha at 50m plot resolution and 2.63
Mg/ha at 100m plot resolution. The comparisons of each of the different height measurements
to GPP at each plot resolution is found in Appendix E.

Error

The root mean-squared error (RMSE) was calculated for each correlation, at all scales and for
each height definition. As shown in Appendix F, in all correlations RMSE was highest at 10m
resolution and decreased as the resolution coarsened to 100m. When the RMSE and R? values
were plotted for each resolution, the high RMSE values declined sharply between 10m and 20m
resolution, whereas the R? values decreased less sharply (see Appendix C, D, E and F figures).
These differences in values between resolutions and the directionality of their trends suggest
that though the data at the smallest resolutions is the noisiest, their R? high value indicates the
ranges of points fit best the power equation.

Discussion

Overall, our study shows that the strength of the height to AGB, LAI and GPP relationships are
the best at the smaller spatial scales, however this comes with an increase in error. At coarser
scales the error becomes smaller, but the relationship between the forest variables become less
precise (Figure la). Using FORMIND model simulations helped to quantify this trade-off
between accuracy and precision across the plot resolutions. Toward informing the initial
research question of “How does the crucial relationship between canopy height metrics and
forest stand biomass (AGB), leaf area index (LAI) and gross primary productivity (GPP)
change at different spatial resolutions?”, relating height variables to this study’s focal
productivity variables is best at the scale of a very small plot. Given that the average width of
the crown of a canopy emergent tree in La Selva rainforests typically exceeds 10m in diameter
(King and Clark 2011, Obrien et al 1995) and the 10m plots size revealed the largest RMSE
across each of the compared variables, a plot size of 20m affords the most reliable and robust
comparison.

Data from La Selva forest inventory plots was used to successfully create a
parameterization of the FORMIND model. This parameterization is the first for this specific
type of fine-scaled individual- and process-based gap model for La Selva biological station that
includes fine-scale structural realism. The dataset used to parameterize FORMIND for La Selva
is exceptional compared to many tropical rainforest datasets in terms of longevity and
replication. Only a handful of other tropical rainforest sites (e.g. Barro Colorado Island, Panama
and Paracou, French Guiana) within this region have a similar study area inventoried and are
repeated over decades. Given the robustness of the inventory data, in sitfu measurement error is
not likely the source of any significant model parameterization uncertainty. It is more likely
that the main source of uncertainty with respect to the discrepancies found between the
simulated forest and the inventory dataset is due to uncertainties in grouping the La Selva
species into plant functional types, and due to prominence of palms and other growth forms in
general that are not simulated by FORMIND.

Similarly, using the maximum diameter growth increment could result in a few
placement errors. For example, a rarely occurring shade tolerant tree species that is released
from canopy suppression might have a large maximum diameter growth increment for a short
period of time that more closely resembles a shade intolerant pioneer species and would result
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in an uncharacteristically high maximum diameter growth increment for that particular species
over the timespan that was used to calculate it. Either of these scenarios could have resulted in
a few of the less common tree species being placed into incorrect PFTs. Ideally, the modeled
forest should be compared to a validation dataset in order to more thoroughly investigate the
causes of uncertainty.

As presented in Fischer et al. 2016, and also in Rodig et al 2018, the FORMIND model
has been shown to be a useful tool in studies that aim to understand relationships between
numerous forest structure variables and other measurable ecosystem functions, including forest
biomass and forest productivity. We used the Costa Rican FORMIND model to investigate how
four definitions of tree height vary with AGB, LAI and GPP at plot resolutions. As was shown
by the simulation results, height is relatable to AGB, LAI and GPP using a power law. In Costa
Rican rainforest, a taller forest has higher aboveground biomass, more leaves and thus a higher
LA and is overall more productive then smaller stands.

Though the relationship varied with resolution, the simulated LAI was comparable to
values found by Clark et al (2008) in their study directly measuring LAI across numerous plant
functional groups in La Selva Biological Station. Their study found a total LAI of 6 for old
growth forest, however the total included lianas, palms, herbaceous climbers, herbs, ferns and
epiphytes. As FORMIND includes only trees greater than 10cm DBH, it compares well to the
mean LAI for trees only, which was measured to be 3.29 by Clark et al (2008), and 3.30-4.79
(median) by Loedscher et al (2003). One study, by Tang et al in 2012, which created vertical
LAI profiles from canopy waveform lidar (LVIS) and a radiative transfer model (GORT), found
slightly higher forest LAI values. When subtracting out the non-tree forest constituents, the LAI
in this study is consistent within a reasonable range of all three existing studies.

The values for GPP as calculated by the model output are also congruent with the
literature. Loescher et al (2003) calculated Gross Ecosystem Productivity (GEP) values between
28.4 and 30.6 from tower measurements taken in 1998 and 1999, respectively. Luyssaert et al
2007 reported a GPP value of 35.5 £1.60 tCha'yr! for tropical humid evergreen forest in a
study comparing GPP across forest types.

This study highlights the capability of individual based modeling as the appropriate
model platform to investigate forest structure and scale directly. Our study did not attempt to
define the ‘best’ height definition to use because different height definitions are widely accepted
among forest ecologists and across the different remote sensing platforms (see Appendices).
Instead, we sought to understand how fine-scale characterization of height is more accurate than
at coarser scales. While fine scale measurements tend to add some noise, overall they provided
a clearer picture of height, with less error. In addition, canopy height, RH100 and then Lorey’s
height tended to relate best to aboveground biomass, leaf area index and gross primary
productivity, respectively.

Advances in remote sensing data processing have facilitated calibration of variables of
interest with forest inventory plot datasets for scaling to landscape-level estimations of
aboveground biomass and carbon flux (Baccini et al. 2012; Saatchi et al. 2011a; Morel et al.
2011). Additionally, many of the recent change maps of AGB and carbon flux rely on
classification and calibration of remotely sensed datasets with measured or leveraged fine-scale
forest structure ground truth data points (Asner et al. 2009; Hansen et al. 2013; Hansen et al.
2016; Hudak et al. 2012). Remote sensing approaches are among the solutions for a large-scale
systematic vegetation monitoring, though they are often limited by sensor footprint. In these
applications typically in situ field inventory measurements are used to calibrate the remote
sensing dataset, but due to the lack of data temporal coverage and long-term monitoring plots,
constitute only a snapshot of the forest and are constrained to imagery collected during the same
time period or risk introduction of additional uncertainty.

With the advancement of super-computing and cloud-based processors, scaling of high-
resolution datasets across landscapes has never been easier. It is therefore crucial to gain
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knowledge of how to minimize error and uncertainty when applying high resolution datasets
across landscapes. Particularly in the tropics, where aboveground biomass is based largely on
broad allometric relationships calculated from stem diameters and wood density (Chave et al.
2014; Chave et al. 2005; Chave et al. 2004), error estimates are often higher than in temperate
forests, for which allometric equations are more robust (Malhi et al. 1999; Ketterings et al.
2001; Chave et al. 2004). This study also highlights the importance of realizing and accounting
for the differences of measuring forest structure using top-down versus bottom-up approaches.
In Meyer et al.’s 2013 study using repeated LiDAR (LVIS and DRL) to detect tropical forest
biomass dynamics across the same La Selva study site, they found a reduction of error and
uncertainty (RMSE) as resolution coarsened.

Tree height is an important forest structure variable that can be both directly measured
in situ and obtained remotely as canopy height, using various methods with lidar and radar
interferometry (Popescu 2007; Hyde et al. 2007; Lefsky et al. 2005; Zheng et al, 2004; Dubayah
et al. 1997). Either directly measured from the ground up during forest inventories, or calculated
through allometric equations, tree height has become widely used as a predictor of aboveground
biomass, as well as other indirectly measured forest variables. This study also highlights the
importance of realizing and accounting for the differences of measuring forest structure using
top-down versus bottom-up approaches.

Canopy height, in addition to other vertical canopy variables relating top of the canopy
to the ground, have been used to characterize vertical structure across numerous forest types
from the top down (Drake et al. 2002; Dubayah et al. 1997, 2000; Blair et al. 1999; Lefsky et
al. 1999; Weishampel et al. 1996). As noted by Kohler and Huth (2010), the height of the
canopy in forests is a key variable which can be obtained using air- or space-borne remote
sensing techniques such as radar interferometry or lidar. The wide variety of sensors has greatly
increased resolution over the past decades. For example, most lidar footprints range in diameter,
including LVIS (25m), UAVSAR (6m in 100kmx20km transects), GEDI (20m) and ICESAT
(60m) aboard GLAS. However, recently some sensors have even higher resolution (e.g. G-
LiHT with its <Im resolution; Cook et al. 2013). Various studies set in tropical ecosystems
have successfully used remote sensing to characterize forest structure variables (e.g. Dubayah
et al., 2010, Potter et al., 2009; Frolking et al., 2009, Garrigues et al., 2008) and by application
of plot data to infer regional estimates of AGB forest characterization (e.g. Malhi et al., 2006;
Saatchi et al., 2007).

According to Drake et al. (2002), because many remote sensing studies estimate forest
biomass using empirical correlations of energy and different wavelengths, the approach (and
sensors) are sensitive to biomass changes in relatively young forests, but tend to saturate and
become less predictable in older growth and heterogeneous forests. In Meyer et al.’s 2013 study
using repeated lidar (LVIS and DRL) to detect tropical forest biomass dynamics across the same
La Selva study site, they found a reduction of error and uncertainty (RMSE) as resolution
coarsened from 10m x 10m plots to 100m x 100m plots. This difference in findings can be
accounted for in two fundamental ways. First, Meyer et al used a pixel based approach with a
1m fixed resolution CHM, which was averaged to the target pixel size from 0.4ha to 10ha. Our
study uses height values based on individual trees within a plot, whereby the plot heights were
obtained according to which trees grew in a given plot during a given year, with the size of the
plot varying from 0.01ha to lha. Essentially, the resolution of our CHM was variable and
congruous to plot resolution. Second, our study is more theoretical. We used a sampling
approach to construct our analyses so that an equal number of points was plotted regardless of
the resolution. This was done to ensure that our analysis was not subjected to sample bias in
comparing plots with an unequal number of points between resolutions influencing the fit of
the relationship (R?) or the error (RMSE).

Conclusion
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Individual-based models like FORMIND can be used to further the capabilities of
remote sensing through modeling applications aimed at drawing empirical relationships at
scales that are too fine to be measured with sensors, but that could be scaled up to be applied in
remote sensing studies. The results of our study can shed light on why forest height cannot
accurately predict aboveground biomass at coarser scales when measuring from the ground up:
we show that regardless of how height is defined, the empirical relationship breaks down when
trees are scaled to 60-meter and 100-meter plots. Because lidar and radar interferometry are
well suited to determine forest height from the top down, there exists a natural synergism with
individual-based models like FORMIND. However, because of the difference in methodology
with which high resolution models and remote sensing methods obtain height metrics, it is
important to consider and resolve resolution where possible. When the height is based on per
tree values, the accuracy of prediction of AGB, LAI and GPP is higher, but there is a trade off
with precision. With respect to high resolution modeling, the aim should therefore be to first
define the intended error margins, then scale the resolution of the study accordingly.
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