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ABSTRACT

Variables such as average tree diameter at breast height (d.b.h.) and total height are important
stand characteristics for forest management. Conventionally, tree d.b.h. and height are
measured; however, due to the difficulty of measuring tree height in the field, this variable

is often estimated from tree d.b.h. Recent developments in remote sensing techniques, in
particular the application of light detection and ranging (LiDAR) technology to forestry, provides
a promising alternative. LiDAR point clouds can be used to accurately estimate tree total height
and crown area, which can be used to calculate the number of trees per unit area. This study
used LiDAR data-derived stand variables including total height, crown size, and the number of
trees per acre collected from permanent growth and yield plots established in loblolly pine (Pinus
taeda) plantations in east Texas to develop alternative models to estimate stand average d.b.h.

The models were evaluated based on the mean difference between observed and predicted d.b.h.,
mean absolute difference, and root mean square error, respectively. Results indicate that stand-
level d.b.h. could be accurately estimated using derived stand variables. The estimated stand
d.b.h., paired with LiDAR-derived height and number of trees per acre, can then be employed to
estimate stand-level volumes.

INTRODUCTION Traditionally, stand volume estimations have

relied on direct field-based measurements of
The Southeastern United States produces more average tree dimensions and stocking estimated
than 50 percent of the country’s timber and as from sample plots. However, measurements of
much as 25 percent of total world timber supply some variables, such as tree height, can often
(Prestemon and Abt 2002). Covering more than be difficult, time consuming, or inefficient to
39.5 million acres in the Southeastern United obtain, especially in stands with complex canopy
States as of 2010 (Hartsell and Connor 2013), the structure (Larjavaara and Muller-Landau 2013).
Commonly p]anted, rapldly growjng, and disease To address '[hiS, height—diameter models often
resistant native loblolly pine (Pinus taeda) is the are utilized in conventional forest inventories to
most important commercial forest species in the make inferences about stand height.

United States. Due to the significance of loblolly
pine and timber production in the South, effective
management of this resource is particularly
important. Effective management requires
knowledge of current stand volume and other
variables, such as average diameter at breast
height (d.b.h.), height, and basal area (Avery 1975).

Recent advancements in remote sensing
technology, such as light detection and ranging
(LiDAR) have been gaining popularity due to
their ability to quickly collect measurements of
entire forest stands. For example, measurements
of tree location, height, and crown size are more
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effective to gather from aerial LiDAR than from
manual measurements (Aubry-Kientz and others
2019). Popescu and others (2003) were successful
in estimating individual tree crown diameter
derived from LiDAR point clouds. Koch and others
(2006) found delineating individual crowns in
conifer stands to be more consistent than mixed
hardwoods.

While aerial LiDAR is particularly good at
measuring tree height (Hyyppa and others
2000), direct measurement of tree d.b.h. using
LiDAR is a challenge. However, LiDAR-derived
metrics have been used to estimate individual
tree or stand-level d.b.h., as strong evidence of
allometric relationships between tree height and
tree diameter exists for some species (Zhang and
others 2020). For instance, models relating d.b.h.
to height are well established (Curtis 1967, Hanus
and others 1999, Temesgen and others 2006)

and previous studies have shown that LiDAR-
derived metrics could be used to estimate tree
d.b.h. from height (Cao and Dean 2013, Hyyppa
and others 2001, Parker and Evans 2004, Salas
and others 2010). The objective of this paper

was to determine if it was possible to develop a
height-to-d.b.h. equation for intensively managed
loblolly pine plantations throughout east Texas
and western Louisiana using both field-collected
data from permanent plots established by the
East Texas Pine Plantation Research Project and
corresponding LiDAR data.

MATERIALS AND METHODS
Field Data

The East Texas Pine Plantation Research Project
(ETPPRP) initiated its Phase II growth and yield
study in 2004 by installing 136 permanent plots in

intensively managed loblolly pine plantations
throughout east Texas and western Louisiana (fig.
1). All plots were treated similarly to the
plantations they were within, i.e., if a plantation
was thinned or fertilized, then the plot within
also was thinned or fertilized. The dimensions for
each plot were 100 feet by 100 feet. Within the
plot, all trees were tagged and measurements of
tree d.b.h., height, height to live crown, and
defects were made every 3 years. Individual tree
d.b.h. was measured using diameter calipers and
heights were measured using a clinometer or
Vertex hypsometer. The individual tree data were
summarized to plot level. While the plots were
repeatedly measured, only data which
corresponded temporally with LiDAR data were
used. Table 1 represents summary statistics of
plot-level mean tree height, d.b.h., and age.
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Figure 1—East Texas Pine Plantation Research Project (ETPPRP) plot
locations in east Texas and western Louisiana.

Table 1—Summary statistics of field measured and LiDAR-derived stand attributes

Source Attribute Mean

Field Height (feet) 52.0
d.b.h. (inches) 7.9
Age (years) 16.0

LiDAR Height (feet) 49.0
Crown area (square feet) 18.0
Crown diameter (feet) 4.6

Minimum Maximum Standard deviation
30.0 88.0 10.0
5.0 14.0 1.8
7.0 23.0 34
26.0 86.0 9.9
1.5 48.0 7.5
1.2 7.6 1.0
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Aerial LIDAR Data

The LiDAR-based 3D Elevation Program (3DEP)

is managed by the U.S. Geological Survey to
produce high-quality topographic data to update
the National Elevation Dataset. LiDAR is an
efficient method to collect elevation data within a
desired location. When used in conjunction with
global navigation satellite systems, LiDAR can
produce highly accurate three-dimensional point
measurements, also known as point clouds (White
and others 2016). Using these point clouds, it is
possible to produce accurate representations of a
forest canopy. Canopy height models were derived
using the difference between tree canopy returns
and corresponding ground returns. Digital terrain
models of ground returns and digital surface
sampled models of first returns were derived from
point clouds. LiDAR data was collected during the
month of March between 2016 and 2018. ETPPRP
field data was collected during the summer
between May and August of corresponding years.
In most cases, data from LiDAR and field-measured
plots were matched year to year. However, in some
instances an exact year-to-year match could not be
made. In this situation, growth and yield modeling
(Coble and others 2017) was utilized to prorate field
data to the nearest appropriate year.

The grid size for each elevation model was 2.3

feet or the horizontal accuracy of the LiDAR
dataset. This process allows for point clouds to be
preprocessed into a product for further analysis.
The resulting raster then was further processed by
the ForestTools package developed for R (Plowright
2022). This package employs a variable window
filter and watershed algorithm to delineate tree
canopies, resulting in metrics of individual tree
count, height, and canopy size (Plowright 2022).
LiDAR parameters for this study include a nominal
point density of 0.23 points per square foot,
nominal point spacing of 2 feet, a scanning angle
of 15 degrees, and vertical accuracy of 0.32 feet.
Point cloud samples were collected from the same
coordinates as each ETPPRP plot. With plots located
throughout a large geographic area (eastern

Texas and western Louisiana), it was not feasible

to match the thousands of measured trees with
their LIDAR data, especially given the low point
density of the 3DEP LiDAR data. Instead, a plot-
level average was used for both LiDAR-derived and
field-measured variables.

Statistical Models

Both linear and nonlinear regression were used
to predict plot d.b.h. using LiDAR-derived tree
traits. Multiple height-to-d.b.h models were
explored in preliminary analyses but only the top
five models were selected to use in this study
(table 2). SAS software was used in model
development (Plowright 2022). Model assumptions
(equality of variance, independence, and
normality) were checked using residual plots.

Table 2—Candidate equations for estimating d.b.h.
from height

Model number ~ Models Equations References

1 Parker and _ % TDAd Parker and
Evans Abh.=a+bH* IPA Evans 2004

2 _ . Cao and Dean
CaoandDean d.b.h.=a+bH 2013

3 Hyyppé and _ Hyyppé and
others dbh.=a+bH+cCD others 2001

4 Curtis dbh.=HY@+bH+cH)  Curtis 1967

5 Talmage d.b.h.=a+bH+cTPA*dCA -

H-=tree height; TPA = trees per acre; CD = crown diameter; CA = crown area; a, b, ¢, d =
parameter coefficients.

Model Accuracy Assessment

The data (field data and LiDAR data) were
randomly split into two groups with 80 percent
used for model training and 20 percent for model
testing. Model performance was assessed using
the test dataset by calculating coefficients of
determination (R?), root mean square error (RMSE)
and relative root mean square error (rRMSE), and
mean absolute difference (MAD) as follows:

R?=1-(3& )
RMSE = /YL, (v — 91)? (2)
S i
S NS %100
RMBE CiL, y)/N ®
T is 9l
MAD = &=Lt 20 )

where

SSR = sum of square residuals
SST = sum of square total

y,is the field-measured variable
y;is the LiDAR-estimated variable
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RESULTS

The correlation between field-measured and

LiDAR-derived height was 0.895 before prorating
height using the ETPPRP model to account for

difference in year. After adjusting field data,

correlation between field-measured and LiDAR-
derived height increased to 0.95. Table 3 provides

an R? of 0.28 or less (table 3, fig. 2). Even though
model 3 had an R? of 0.28, its rRMSE of 15.5
percent was considered acceptable.

Our resulting model, based on model 1 (Parker

the and Evans 2004), was as follows:

the metrics for the top five assessed models based =~ where

on testing datasets. Model 1 (Parker and Evans

2004) had an R? of 0.67 and a RMSE of 0.80, w
was approximately 10.2 percent of the mean

hich

d.b.h.=3.54+0.0603 (F136483648)( TP4-02087) (5)

H =tree height (feet)

(table  [PA=trees per acre

3, fig. 2). The other four equations all resulted in

Table 3—The five models with metrics of analyses that were greater than others, processed
using the validation dataset

Model Coefficient of Root mean square Mean absolute
number Author(s) determination (R?) error (RMSE) Relative RMSE difference
inches percent inches

1 Parker and Evans 0.67 0.80 10.24 0.75

2 Cao and Dean 0.23 1.20 15.07 1.65

3 Hyyppa and others 0.28 1.30 15.47 1.03

4 Curtis 0.24 1.23 14.96 1.26

5 Talmage 0.26 1.33 16.30 1.40
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Figure 2—Field-measured versus LiDAR-predicted diameter at breast height of East Texas Pine Plantation Research Project plots.
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The standard errors of the parameter coefficients
were 1.12 (a = 3.54), 0.11 (b = 0.06), 0.38 (c = 1.36),
and 0.13 (d =-0.21). Figure 3 shows the residual
plots for the model.
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Figure 3—Residual plots of test data for Model 1.

DISCUSSION

We sought to determine if a conventional model
could adequately estimate d.b.h. from LiDAR-
derived variables. Toward this end, an R? of 0.67

100 150 200 250 200 350
P S R

and a rRMSE of 10 percent from model 1 is
encouraging and seems to indicate that this
methodology is viable (table 2). The model
requires two predictors, LiDAR-based plot tree
height and trees per acre. While LiDAR-based
height correlated strongly with field
measurement-based height, the association
between LiDAR-based trees per acre (TPA) and
field measurement-based TPA was weak (fig. 4).
Thus, further study is needed to improve the
LiDAR-based TPA estimates, which may improve
the accuracy of model 1.

Models evaluated in this study did not include
variables that could not be obtained by LiDAR
data. For example, of the models we evaluated,
many did not consider tree density, which plays
an important role in predicting diameter. Similar
results were experienced in other studies as
well (e.g., Cao and Dean 2013). This likely could
be attributed to the concept that tree diameter
and height are also density dependent. However,
because of computerized record-keeping in tools
such as geographic information systems, other
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Figure 4—Correlation matrix of all analyzed variables including field-estimated trees per acre, height, height after adjustment, and field-measured
diameter at breast height. LiDAR-derived variables included tree height, crown area, and field-measured diameter.

48 GROWTH AND YIELD MODELING



stand attributes are often known. For some,

these additional attributes may include stand
age, thinning density and timing, site index, and
timing of other silvicultural treatments, and such
attributes could contribute to further explaining
the variation within a height-to-d.b.h. model.

Another factor that potentially could contribute to
the accuracy and reliability within the assessed
models is the LiDAR dataset itself. The 3DEP is a
partnership program which utilizes a collection
of elevation data sourced throughout the United
States. Data collection for this program relies

on assumptions that should imply consistency
across the data collections. However, the LIDAR
data is collected at different times and by various
vendors. Given that this is a cooperative program,
3DEP has developed a baseline program-level set
of specifications that are required for data to be
considered for inclusion into the program. These
specifications include a point spacing of 2.3 feet,
an average of 0.19 points per square foot, and a
vertical accuracy RMSE no greater than 0.3 feet
as of the April 2022 revision (USGS 2022). With
only 0.19 points per square foot, it is likely that
the LiDAR scan failed to record the absolute top
of every tree. Magnussen and others (1999) noted
that laser scanners tend to miss treetops and
underestimate the standard deviation of derived
tree heights. Although the 3DEP LiDAR does not
have a high pulse density (only 0.23 pulses per
square foot) it did prove to be suitable for the
purpose of this study. The relative success of this
low-density LiDAR data favors the use of higher-
density LiDAR to collect measurements of forest
stands.

CONCLUSION

These results demonstrate the viability of
estimating stand-level loblolly pine d.b.h.

from LiDAR-derived variables and hence may
contribute valuable information towards making
forest management decisions. Our findings
emphasize the value and potential of LiDAR as

a tool to improve efficiency of forest inventories
and support sustainable forestry practices. As
technology continues to advance, utilizing LiDAR
to assist in forest mensuration can help foresters
meet the demands of the forestry industry.
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