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(ABSTRACT)

Forest plantations make up a large percentage of managed forest land globally. Assessing plantation
productivity is vital from both commodity production and carbon management standpoints. Mea-
suring the productivity of these areas is essential given their rapid growth and turnover. Transparent
metrics to compare reported carbon storage with estimated values are required for internationally
transferred mitigation outcomes under Article 6.2 of the Paris Agreement. Data from the Global
Ecosystems Dynamics Investigation (GEDI) provide an excellent opportunity to measure planta-
tion forests over large areas. We focused our efforts on Eucalyptus in southern Brazil and used data
from an industrial partner to investigate plantation metrics (height, diameter, volume, stems per
hectare, etc.) and to create a model of plantation diameter using Support Vector Regression (SVR).
SVR enabled a robust model of tree diameter even given the heteroskedasticity and spatial auto-
correlation present in the GEDI data, which deleteriously impacted attempts at linear modeling.
We could predict tree diameter in these plantations to within 1 cm using space-borne lidar, with
broad implications for using space-borne lidars to monitor carbon accretion in secondary forest

plantation.
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(GENERAL AUDIENCE ABSTRACT)

Forest management practices have shifted in some cases to very crop-like forest plantings. These
areas are functionally different from a 'natural’ forest. Understanding the structure of these areas
in a rapid and consistent manner is important to quantify the amount of carbon stored within these
forests for international climate agreements such as the Paris Agreement. This effort focuses upon
Eucalyptus forests in Southern Brazil. Using measurements from a lidar instrument (a lidar system
fires a laser beam from space to the ground, recording the ’deflection’ of the laser beam and the
amount of time it takes to return to the sensor to measure features on the ground) we were able to

measure the diameter of the trees to within a centimeter in these forests.
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Figure 1.1: An intensively managed Eucalyptus sp. forest in Uruguay. (Photo from Mashian 2018)
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Around 7% of the total forest area in the world is planted forest (Payn et al. 2015, Winjum and
Schroeder 1996, FAO 2020). Accounting for the carbon cycling occurring in forest plantations
is important to help improve the quantification of forest carbon stores. The frequent harvesting
associated with forest plantations can affect the stability of soil carbon stores and reduce the amount
of carbon stored in tree stems over time (Clark, Gholz, and Castro 2004; Cook, Binkley, and Jose

Luiz Stape 2016).
Forest plantations are homogeneous in age and structure reducing the habitat and ecosystem services

1
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that they provide (Bonan 2008). See Figure 1.1 for an example of stand structure. It is worth noting
that while these areas provide fewer ecological services, they do permit intensive management
to occur within a smaller land area than other forest management practices (Norfolk and Erdle
2005, Pirard, Dal Secco, and Warman 2016) and can help regenerate abandoned agricultural land
(Campoe, José Luiz Stape, and Mendes 2010). Less intensive management methods often create
more regular disturbance over a larger land area which can increase the overall impact of forest
product harvesting (Buongiorno and Zhu 2014). Forest plantations focus the impact that forest
management has on the landscape to a smaller fraction of land area. Additionally, these forest
plantations create a better carbon sink than other land uses of converted primary forest such as
agriculture (Hua et al. 2022), even though there is documented loss of soil carbon after repeated
rotations (Cook, Binkley, and Jose Luiz Stape 2016), concern of effects on the water table, and

restoration to native forests would be the better carbon and ecosystem decision (Hua et al. 2022).

Brazil is an area of rapid forest loss and conversion (FAO 2015, FAO 2020, Myers et al. 2000). The
Atlantic forest region is under particular threat as 7.5 % of the native forest remains as of 2000 (My-
ers et al. 2000). However, the forested landscape is not entirely harvested without replanting trees,
and eucalyptus plantations can create some but not all the ecological benefits of a secondary forest
(Campoe, José Luiz Stape, and Mendes 2010). Eucalyptus plantations in Brazil are commonplace,
wherein the same land area is used repeatedly for timber production and the amount of land area
used as a planted forest is increasing (FAO 2015). These areas are primarily used for paper pulp

and the short rotation age (< 10 years (Cosenza et al. 2017)) creates rapid stand turnover.

Production amounts and holdings of these timber stores are often consolidated private entities and
thus it is in the interest of the holders to maintain the privacy of their land holding data. There is a
vested interest in privacy of these plantations as the volume of timber grown on a portion of land
is a propriety advantage when choosing to harvest. This incentive for privacy creates difficulties in

created landscape level assessments of forest volume. There are already ongoing efforts to map the
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land area that eucalyptus plantations occupy (Harris, Goldman, and Gibbes 2021, Petersen et al.
2016) to better understand these areas prevalence on the landscape. Estimating the volume of wood
produced in these areas can provide key information to estimate production in a given year. The
information regarding production can be driven by the previously mentioned industrial interest, but
also to provide information to governments and environmental organizations to better understand

the effects and flux of these forests.

There are a variety of different approaches to estimating volume with existing models. Height
and diameter are the primary drivers of these models with diameter being of particular importance
(Burkhart and Tomé 2012). Volume as an estimated parameter from a direct physical measurement
is difficult as it is a modeled parameter that is directly correlated to diameter and height. Specifi-
cally, estimation of eucalyptus form and volume is still an ongoing effort and still results in error of
estimation (Boczniewicz, Mason, and Morgenroth 2022). As volume on its own can be estimated
in a variety of ways it is prudent to try and use a estimation technique that can result in an easily
verifiable field measurement such as estimating diameter. In a eucalyptus stand, height is closely
related to diameter, so it becomes feasible to back-predict diameter directly, quantify the error of
that estimate and then incorporate that error into a volume estimation. This would not be possible
in a mixed-age forest as the canopy diversity would make initial estimates of volume directly from

height only the better choice.

There is a long history of using lidar to measure forest parameters such as height (Fagan et al.
2018, and a great review paper Coops et al. 2021). Waveform lidar and forest parameters have
previously enabled the estimation of forest heights, biomass, and basal area (Lefsky et al. 1999).
Spaceborne waveform lidar in particular has been previously used to estimate forest parameters
(Bye et al. 2017, Chen 2010, Neuenschwander and Pitts 2018) and provide a unique opportunity of
measuring landscape level attributes as compared to more site specific work at the airborne lidar

scale (Fagan et al. 2018, Coops et al. 2021).
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To ask a landscape level questions, the implementation of an airborne waveform lidar system be-
comes logistically challenging and expensive. As such, spaceborne lidar becomes a good method
to ask these questions. Previous spaceborne waveform lidars have not been designed around vege-
tative measurements, another study (Neuenschwander and Pitts 2018) use a lidar that was designed
to measure ice and thus has limitations measuring forests. GEDI (Dubayah et al. 2020) has its mea-
surements take place in the near infrared portion of the electromagnetic spectrum where vegetation
has a high level of reflectance compared to other land covers. GEDI waveform lidar has previously
been used to estimate canopy height and wood volume specifically in Eucalyptus plantations in

Brazil (Fayad et al. 2021). These previous studies did not account for spatial auto-correlation.

This work creates an opportunity to use spaceborne lidar data to provide estimations of timber
harvest for verification under Article 6.2 of the Paris Agreement (“Paris Agreement on Climate
Change” 2015). “Paris Agreement on Climate Change” 2015 calls for independent verification of
carbon stores (such as forests, and planted forests) of a country’s claimed volumes. This verifica-
tion requires accurate estimates of forest volumes, and the method outlined in this work creates an
opportunity to provide that verification in addition to more information to landholders. There is
also some utility in assessing silvo-pastoral lands which may not be directly quantified as a forest
plantation in other contexts. Spaceborne lidar systems have been previously used to estimate the
canopy height of plantations and volume (Potapov et al. 2021). These previous studies help improve
the quantification of these areas on the landscape and better understand the volumes at a given time.
What remains is the direct estimation of diameter from spaceborne lidar which is the focus of this
work. The methods we use can help policy makers understand and quantify the volume of wood
present on the landscape while weighing the ecological and economic trade-offs outlined in Hua

et al. 2022.
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1. Create a robust model of diameter estimation using lidar data from the Global Ecosystem

Dynamics Investigation (GEDI) dataset.

2. Using already produced boundaries (Petersen et al. 2016) of Eucalyptus plantation, produce

a map of these areas diameter.
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The study area was defined by the approximate geographic bounds of data from our industrial

partner. The boundaries of the data used can be found in Figure 1.2. The area is located in the

Sao Paulo State of Brazil as a part of the Atlantic Forest biome. The specific geographic bounds of

20.2°S latitude,48.8°W longitude, 23.2°S latitude, and 46.1°W longitude were used (Figure 1.2).

This area was selected as it is the geographic extent of our ’ground truth data’. Information regarding

the ground truth data can be seen in Table Figure 1.4 and Table 1.1.

Stand Metric Mean (X) | Standard Deviation ( )
Trees per Hectare 1177 212
Volume per Hectare (m?/ha) 271 47
Stand Diameter (cm) 13.6 2.1
Stand Height (m) 20.63 4.14

Table 1.1: Summary Statistics of Ground Truth Data. All the data were pulled from the same
geographic extent as the GEDI data used in this work.
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Figure 1.2: Location of GEDI and stand inventory data (black box) used in this work.
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The GEDI data (Dubayah et al. 2020) were downloaded from the Land Processes Distributed Ac-
tive Archive Center (LP DAAC) operated by NASA. The level 2A (Version 2.0) product files were
downloaded as well as the level 1B files (Version 2.0) to examine waveform characteristics of de-
lineated stand features. Upon exploration, all data in these analyses used Algorithm 1 to convert
data from waveform to relative height metrics. The data were then extracted from an archival file
format using a tool called Gedi-Subsetter (Land Processes Distributed Active Archive Center (LP
DAAC) 2021) from NASA that was modified to enable parallel processing. The total size of the
files extracted from archival format was 1.44 terabytes. To reduce the amount of information that
was not needed for this analysis, the GEDI data were then further trimmed down to a subset of the
variables present in the dataset and then spatially joined to the data from our industrial partner (data
from our partner were collected within a year of GEDI measurement thus reducing temporal lag),
data from Hansen et al. 2013, and data from Petersen et al. 2016. The joined GEDI data were then
filtered for quality using the built in quality flag in addition to being filtered for extreme height
measurements by the GEDI instrument resulting in a final file size of 10 gigabytes. Correlations

between the ground truth data and GEDI data were then explored.
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We conducted some preliminary analyses that compared the stand data (Diameter, volume per
hectare, trees per hectare, and stand height) using simple bi-variate fits. The obvious metric to
measure using GEDI data is height, but there have already been studies investigating this metric
(Potapov et al. 2021). We chose to leverage our detailed ground truth data to estimate a different
forest parameter: diameter. The diameter of these areas are relatively homogeneous as the spac-
ing methods and stand establishment timing are uniform and relatively homogeneous, respectively.

This permits the trees to grow at a rate that are similar to that of their neighbors.

Sampled Waveform Returns
Large Diameter (12.2 cm) Stand Small Diameter (0.0 cm) Stand

650

780

625

750

600

Elevation (m)

720
575

550 690

230 240 250 260 270 280 290 300 400 500 600
Return Digital Number Return Digital Number

Figure 1.3: Sample GEDI Level 1B waveform returns from large and small diameter plantation
stands. Stands sampled were intersected with ground truth data to ensure comparison accuracy.
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Modeling of the diameter of a plantation using GEDI data does present some problems as there is a
spatial auto-correlation component present in the measurements (p < :0001). In addition, our pre-
liminary analysis suggested there is heteroskedasticity present between the Relative Height 95 per-
cent of waveform energy (RH 95) and the plantation diameter (Breusch-Pagan test of 13:1248;p <
0:0001). As both of these criteria violate the assumptions of Ordinary Least Squares Regression,
non-parametric modeling technique was employed. Support Vector Machine Regression (SVR) us-
ing a linear kernel was used to create a model to estimate plantation diameter (Vapnik 1998). The
underlying goal of this method is to create a repeatable model that describes the diameter of the
plantations using the GEDI data to ensure a more transparent relationship than other non-parametric

modeling techniques.

The methods outlined in this work create a robust method of diameter estimation using machine
learning to overcome the barriers presented above. There are distinct coefficients that are able to be
extracted when using a linear SVR. These coefficients are then able to be used to compare the results
of other modeling techniques (or similar models in different regions of the world) without having
to directly share other trained "black box” machine learning models while benefiting from machine
learning algorithms. SVR was shown to be a more effective and accurate method of predicting
stand level variables compared to other machine learning techniques and multiple linear regression

(Garcia-Gutiérrez et al. 2015).

Various relative height waveform return metrics were explored, but it was found that there was not
a large difference between the heights at the return energy at 100%, 90%, or 80% in these stands
so the 95% energy returns were what was selected for this analysis. A random sample of 80%
of the measured heights (RH 95) from GEDI and the stand measured diameter were then fed into

an SVR model. GEDI data that intersected with data from our partner numbered 21,438 quality
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observations. Once the model was trained, the coefficients of the linear SVR model were extracted
by asking the model to predict data on a regular interval (0-20). The model was then tested on a
20% of the data that was withheld from the training process (4,361 observations). The test data

were then used to calculate a Root Mean Square Error (RMSE) of the model.
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Following the creation of an SVR to predict stand diameter, we estimated the diameter of stands that
were within the geographic bounds of our data but were not used as a part of model development
(Petersen et al. 2016 were the stand boundaries used for this). The median estimated diameter of
GEDI measurements within the bounds of the stand was used to determine the stand’s diameter.
The resulting predicted diameter were then mapped. The resulting predicted diameters were also

binned into diameter groups of 0.2 cm and plotted.

000  UO00ood 4oob 0oooiddnoo

Using the estimated diameter and the measured height from GEDI we created estimates of growth
trajectory for stands from our industrial partner. This process involved the determination of age, an
estimate of height, height trajectory (rate of growth), diameter estimates from SVR, and diameter
rate of growth. The year of disturbance from Hansen et al. 2013 to determine age was treated as year
zero or stand reestablishment for the purposes of this exploration. The measured heights and the
estimated diameters were extrapolated to a *growth per year’ estimate for each parameter. We also
pulled our partner’s estimate of harvest year out of the stand data to create at ’years until harvest’
variable that would be our target estimate of stand diameter. We then used a random forest model
(Breiman 2001) to try and predict the harvest year of a given stand using the variables described

above.
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Comparing the stand data to its own variables as well as the relative height metric led to the conclu-

sion that the diameter of the eucalypt stands had the strongest correlation to the GEDI data (Figure
1.4).

30

25

20

Height (m)

15

10 &

2500

=N
o o
o o
S o

Trees Per Hectare (t/ha)

(]
@
=]

w
=3
=]

N
v
o

N
=
S

Volume per Hectare
. (mA3/ha)

20 ¢

15

10

Diameter (cm)

(; Gé(bl I_io I:IO 15 2‘0 25 3‘0 (I) S(I)O 10‘0015‘0020‘0025‘00 vl;()l 2(;0 2;0 3(‘)(i_|3;0 400
eight Height (m) Trees Per Hectare (t/ha) YO!UMe Per Hectare
(95 percentile returns, m) (t/ha) (mA3/ha)

s
40 10

Figure 1.4: Correlations between level 2A GEDI RH 95 and various metrics of the ground truth
data. n = 21;438. GEDI data were filtered for quality. Distributions of the various metrics and
data can be found on the margins of the figure.
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