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ABSTRACT

The integration of terrestrial laser scanning (TLS) systems
with machine learning presents a promising method for
accurately estimating and mapping surface aboveground
biomass (TSAGB) in the pine forest ecosystem of the
Southeastern United States. This study demonstrated the
effective use of TLS and the random forest machine learning
approach to achieve precise TSAGB estimates at high
resolution in regularly burned forest ecosystems in the
southeastern United States. Notably, a model employing only
six metrics successfully predicted total TSAGB with a Root
Mean Square Error (RMSE) below 33% and a bias less than
2%. Our methodology, leveraging TLS lidar and widely used
machine learning models, offers efficient solutions for
enhancing the accuracy of surface biomass estimates in pine
forests subject to frequent burns in the Southeastern U.S

Index Terms— Lidar, 3D point cloud, machine learning,
fire.

1. INTRODUCTION

The role of fire in maintaining or altering specific
environmental conditions and ecosystems on a global scale is
crucial. Research focused on the frequency of burning in
southeastern US pine forests underscores the profound
impact of fire on litter accumulation [1]. Key determinants
influencing fire spread and fuel consumption in this
frequently burned ecosystem include surface biomass
accumulation and fuel layers [1-3]. However, the dynamics
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of fire behavior are intricately tied to factors such as surface
fuel availability [2], post-fire effects, and wind patterns [4].
Understanding these interconnections is pivotal for
comprehending the broader implications of fire within
ecosystems.

In recent times, the emphasis on estimating biomass and
fuel in environmental sciences has grown significantly, with
a notable focus on leveraging remote sensing techniques.
However, challenges in data acquisition are intricately linked
to the spatial resolution of sensors, and the predominantly
large-scale datasets rely heavily on estimates derived from
optical sensors. Despite these limitations, the adoption of
terrestrial laser scanning (TLS) systems in conjunction with
machine learning presents a promising avenue for estimating
and mapping surface aboveground biomass in the pine forest
ecosystem of the Southeastern United States. Therefore, this
study aims to assess the capability of TLS and Random Forest
modeling to accurately estimate total surface aboveground
biomass (TSAGB) at a high spatial resolution of 0.5 meters.

2. MATERIAL AND METHODS
2.1. Study Area and Field Data
Osceola National Forest (ONF) (30°17'26"N 82°19'18"W) is
in northeast Florida, west of Jacksonville, located in
Sanderson, Lake City and North Columbia counties, US. The
climate of ONF is classified as humid subtropical, although
this region may present dis-tinct wet and dry seasons. The
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combination of warm temperatures and high precipitation
promotes the growth of specific species, including natural
stands of Pinus elliottii Engelm. and Pinus palustris MIL.,
characteristic of the flatwoods forest type. Additionally,
plantations of P. elliottii. thrive in these favorable climatic
conditions [5,6]. The ONF also encompasses wetland areas
that were not included in this study due to their frequent
inundation; these areas typically do not ignite or contribute to
the spread of forest fires [3].

The ONF has a history of periodic prescribed burning
since 1958 using dormant season burns and growing season
burning [6], and it has been used as a study site for many
studies [1-3,6]. This site was originally established in a
randomized block design to evaluate different fire return
intervals in six replicates of four treatments, with prescribed
burning regularly every 1, 2, or 4 years, and no-burn
treatment (control).

In this study, the TSAGB (g/m2) data collection was
conducted in pre- and post-burn in 2020 and 2022,
respectively, within the framework of prescribed burning in
eighteen burn units, categorized as six 1-year, six 2-year, and
six 4-year units. At each selected unit, edge and interior
transects were established, oriented parallel and
perpendicular to the burn unit edge, respectively. Four 5x5
meter plots were designated at each unit, with two along the
edge transect and two along the interior transect. One plot
along each transect was allocated for pre-burn sampling, and
the other for post-burn sampling.

The cardinal direction for transect orientation was
determined randomly, impacting the direction of the edge and
interior transects. To establish the edge, transect, a random
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distance between five and ten meters was selected from the
burn unit edge, with randomly determined distances used to
position the 5x5 meter plots. Similarly, for the interior
transect, two distances were randomly chosen, with plots
positioned at least fifteen meters from the burn unit edge.
Monumentation of each 5x5 meter plot corner was
achieved using 1.27-centimeter diameter Electrical Metallic
Tubing conduit, approximately 1.5 meters tall, adorned with
reflective tape. The plots were oriented so that the first 3D
fuels clip plot (0.5x0.5 meters) was centered on the transect,
with the center plot always sampled and the other plot chosen
randomly. In total, 35 pre-burn and 35 post-burn 3D clip plots
were sampled, distributed across the burn units. The
vegetation within the clipping plot was harvested and dried in
the laboratory for the computation of TSAGB in g/m2
Latitude and longitude were recorded for each plot, with the
northwest corner point prioritized for data collection.

2.2 TLS data collection and processing

Terrestrial laser scanning data were collected within each
5x5 meter plot using Riegl VZ 400 i coupled with a NIKON
D850 45.7 MegaPixel digital camera and a differential GNSS
RTK Receiver [7]. The scan configuration was set to
panorama 20 and frequency 1200 Hz. The point cloud pre-
processing, including point cloud registration, noise removal,
and clipping, was carried out using RiSCAN Pro® [8]. Using
CloudCompare® [9] 35 pre-burn and 35 post-burn 3D fuels
clip plots were sampled, distributed evenly across the nine
selected burn units. A total of 78 TLS-derived cloud metrics
were computed within the clip plot following methods
described in Loudermilk [3].
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Figure 1. Study area and sampling distribution of TLS scans and vegetation and fuel biomass samples (n = 70)
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2.3 Total surface fuel modeling and assessment

To derive accurate estimates of total surface fuel from TLS
data, it is essential to select the most significant lidar metrics
within a parsimonious statistical model framework. Given the
potentially large number of TLS-derived metrics at the clip
plot scale, our study adopted a two-step process to identify
the best TLS metrics for modeling stem volumes. Firstly,
although highly correlated variables do not cause
multicollinearity issues in Random Forest (RF) [20],
Pearson’s correlation (r) was utilized to identify highly
correlated predictor variables (r > 0.7), as presented in
previous studies. If a group of lidar metrics (two or more)
showed high correlation, we retained only one metric,
excluding the others that were most highly correlated with the
remaining metrics. Then, variable selection was performed
using the Model Improvement Ratio (MIR) and a random
forest (RF) modeling approach, following the methodology
described by Silva et al. [10]. The number of RF trees to grow
was set to 1000, and the number of predictor variables
performing the data partitioning at each node was set equal to
the number of best lidar metrics selected by MIR.

For validation purposes, RF models were embedded in a
bootstrap with 500 iterations, following Silva et al. [10]
methodology. The accuracy of estimates for each model was
evaluated in terms of Adj.R?, Root Mean Square Error
(RMSE), and Bias (both absolute and relative) of the linear
relationship between the mean of the predictions (500 runs)
and observed values from the validation procedure.

RMSE =

n 2
Z(yi —y) /n
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Where: n is the number of clip plot samples, y; and J; are the
observed and predicted values for clip plot i; y and ¥ are the

observed and predicted mean values for clip plot #; and
relative RMSE (%) and Biases (%) were calculated by
dividing the absolute values by the mean of the observed
values.

3. RESULTS AND DISCUSSION

3.1 Variable selection

Out of the 78 TLS metrics analyzed, 58 exhibited a very
strong correlation (r > 0.7). For the Model Improvement
Ratio (MIR) analysis, 22 highly correlated metrics were
retained, ensuring they were not extremely highly correlated
with each other. Notably, fine_Itotal_cnt, h_zpcuml,
fine_ltotal_median, h_ground_cnt, hr(0_10_Itotal_median,
and h_zpcum9 demonstrated the highest mean MIR values

(as illustrated in Fig. 2). Consequently, these metrics were
selected for the development of the model.
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Figure 2. Model improvement ratio (MIR) and selected
metrics (MIR > 0.25). The description of the lidar metrics is
included in Loudermilk [3].

3.2 Total surface fuel modelling and assessment

The performance of RF model to predict STAGB was
summarized in terms of Adj. R?, RMSE and Bias from the
500 bootstrap runs (Fig. 3). Overall, the model using six TLS
metrics performed well, with relative RMSE < 33% and Bias
<2% in the bootstrap procedure. The observed and the
average of the predicted TSAGB from the 500 bootstrap runs
were also compared and according to the KS and equivalence
tests those values did not differ significantly (p-values > 0.05)
too.
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Figure 3. Predicted vs observed total surface fuel at the clip
plot scale.

4. FINAL REMARKS

In this study, we illustrated that the combination of TLS and
the random forest machine learning approach can be
efficiently employed to precisely estimate TSAGB at high
resolution in regularly burned forest ecosystem in
southeastern United States. This project is still in progress,
and our intention is to not only spatially explicit map TSAGB
at the fire unit scale (approximately 1 hectare) but also assess
TSAGB consumption. The information gathered, along with
the random forest model introduced in this study, may be
valuable for generating inputs and verifying results in
coupled fire—atmosphere models, specifically in the context
of prescribed fire research and management.
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