ABSTRACT
RAIGOSA-GARCIA, OSCAR IVAN. Loblolly Pine Plantation Productivity: Characterization,
Response to Fertilizer and Herbicide Application, and its Effects on Net Present Value and
Carbon Management (Under the direction of Drs. Justin Baker and Rachel Cook).

Loblolly pine (Pinus taeda L.) is the most commercially important plantation species in
the southeastern United States, playing a vital role in both timber production. Optimizing forest
plantation management has become imperative due to increasing forest product demand, higher
fertilization and management costs, declining land availability, increased competition for land
use, and the growing demands for carbon sequestration. Precision forestry refers to the ability to
use data acquired with technology to support the forest management decision-making process.
LiDAR can be used to assess forest metrics such as tree height, topographical position, soil
surface attributes, and their combined effects on individual tree growth. LIiDAR opens the door
to precision silviculture applied at the tree- level and can inform precise treatments such as
fertilization, thinning, and herbicide application for individual trees. This study uses ALS
LiDAR and other ancillary data to assess the effect of stand scale (i.e., stand, soil type, and
microtopography) on dominant height and site index measures within loblolly pine plantations
across the southeastern United States. This study shows differences in dominant height and site
index across soil types, with even greater differences observed when the interactions of
microtopography were considered. These findings highlight the potential for precision forestry to
optimize resource allocation,

This study also investigates the growth responses of thinned loblolly pine stands in
eastern Texas to fertilization and herbicide applications. Whole stands were divided by herbicide
as the whole plot and nitrogen rates as one ha subplots (0-336 kg ha™* N plus 10% P of N rate).

We assessed tree-level basal area increment over a four-year period. LIDAR and Sentinel-2



satellite imagery were used to estimate canopy and competing vegetation LAI. LIDAR-based
competing vegetation LAI estimations were more successful than satellite-based detection in
evergreen-dominated competing vegetation stratums. The results indicate that while herbicide
treatment significantly reduced competing vegetation, its impact on basal area increment was
more effective in areas with greater competing vegetation LAI. Fertilization did not increase
basal area increment, potentially due to high canopy LAl levels. Nitrogen volatilization and
leaching may have limited growth response to fertilizer application. This study highlights the
complex interactions between fertilization, herbicide application, and site-specific initial
conditions, emphasizing the importance of satellite and LiDAR-derived data to assess plantation
nutritional status using LAI to drive decision-making on precision silviculture across large
landscapes. These findings contribute to refining forest management strategies, optimizing
resource allocation, and enhancing the productivity of loblolly pine plantations.

A study evaluates the economic and carbon performance of loblolly pine plantations
under ten silvicultural scenarios across two site productivity (site indices of 20 m and 26 m),
incorporating stochastic timber and fertilizer price forecasts. Using Monte Carlo simulations, we
estimate net present value (NPV), internal rate of return (IRR), and marginal abatement costs for
each management strategy. In high-productivity sites (SI 26 m), scenarios without thinning but
with herbicide application yielded the highest NPV, reaching up to $1,063 per hectare. In
contrast, fertilization in low-productivity sites (SI = 20 m) often resulted in negative NPVs, with
values as low as —$80 per hectare. IRRs ranged from 6.5% to 7.5% in high-productivity
scenarios, and from 4.8% to 5.2% in low-productivity ones. Breakeven carbon prices for
extending rotations up to five years beyond the optimal harvest age varied from $0.28 to $7.58

per ton of CO-e, with lower prices observed in less productive stands. Marginal abatement cost



analysis reveals that extended rotations in lower productivity stands offer more cost-effective
carbon mitigation. These findings suggest that management intensification can enhance financial
and environmental outcomes in productive sites, while rotation deferrals in less productive

stands offer a low-cost pathway for carbon benefits.
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CHAPTER 1: Introduction

Loblolly pine (Pinus taeda L.) is the most important commercial forestry species in the
southeastern United States, with over 14 million hectares planted. It supports a major portion of
the forest industry, contributing to timber, pulp, and bioenergy markets. Its success is largely due
to its fast growth and enhanced productivity under silvicultural practices.

Forest productivity is often evaluated using site index—a measure based on the expected
height of dominant trees at a defined reference age. Dominant height reflects growth potential
and is important for planning and assessing silvicultural treatments. However, methods for
defining dominant height vary widely and are often influenced and constrained by data
availability. Traditional field-based approaches rely on sampling methods that may not capture
spatial variability or the complexity of forest structure, especially in heterogeneous landscapes.
Advancements in remote sensing technologies, particularly light detection and ranging (LIDAR)
and its airborne laser scanning (ALS) applications, offer novel ways to estimate forest structural
attributes with high precision and at previously impractical scales. LIDAR enables the mapping
of individual tree heights, crown structures, and even biomass across entire stands, allowing for
more detailed assessments of forest productivity. Furthermore, integrating these LIDAR-derived
estimates with other spatial data such as soil and topography provides opportunities to
understand how microsite conditions influence tree growth.

This detailed level of forest measurement opens the door for precision forestry, which can
be defined as the use of high-precision data to optimize forest management decisions. Precision
forestry has the potential to transform how silvicultural treatments are applied and evaluated. It
allows forest managers to move beyond stand-level averages and account for within-stand

variability, improving both economic and ecological outcomes.



Mid-rotation intensive silvicultural practices such as thinning, fertilization, and
vegetation control are commonly used to enhance productivity. However, price fluctuations
highlight the need for efficient, site-specific management strategies. Stand response to treatments
depends on factors like site index and stand age. The effectiveness of fertilization can vary with
application rate, site quality, leaf area index, and tree size. Although many studies have evaluated
the effects of fertilization or vegetation control individually, few have investigated their
interaction, especially across different fertilizer rates. Remote sensing tools like satellite imagery
and LiDAR can estimate leaf area index, enabling better integration of stand productivity and
vegetation competition into silvicultural decision-making. Therefore, this thesis also aims to
evaluate how variable nitrogen and phosphorus applications interact with herbicide treatments to
influence loblolly pine growth after thinning—specifically by quantifying their effects on tree
growth under different initial tree sizes and management regimes.

The economic evaluation of silvicultural treatments is essential for accurately assessing
timber production potential and guiding decision-making. Despite growing research on the
financial returns of plantation investments, there remains uncertainty about the net financial
benefits of specific management interventions under real-world market conditions. This is
particularly relevant in the face of recent market disruptions, which have caused unprecedented
volatility in prices for forest products, energy, and fertilizers. In addition to its economic
importance, loblolly pine plays a major role in maintaining forest carbon sinks. Management
decisions—ranging from fertilization to harvest timing—can impact not only productivity and
profitability but also the global carbon balance. Few studies have examined how silvicultural
decisions influence both economic and carbon outcomes, particularly in the context of volatile

timber and fertilizer markets and emerging opportunities in carbon markets. This study also



contributes to developing a framework for assessing how price volatility influences net present
value (NPV), the impact of silvicultural treatments, and the risks associated with estimating the
marginal abatement cost from fertilization, herbicide application, and deferred harvests beyond

economically optimal ages.



CHAPTER 2: Rethinking Productivity Evaluation in Precision Forestry through
Dominant Height and Site Index Measurements Using Aerial Laser Scanning
LiDAR Data
(This chapter was published in Forest (15.6: 1002) on 7 June 2024.)
2.1.  Introduction
2.1.1. Loblolly Pine Importance
Loblolly pine (Pinus taeda L.) is the most prevalent planted forest species in the southern
US and covers 14.4 million planted hectares across 13 states (Oswalt et al., 2019). In the context
of plantation management, site index is a measure of site quality that reflects the potential
maximum height productivity of a fully stocked, even-aged stand, and is generally considered to

be independent of stand density (Kandare et al., 2017).

2.1.2. Dominant Height as a Measure of Productivity

For any given tree, total height is directly related to the tree’s above-ground biomass and
total volume, while merchantable height is based on local specifications for given wood products
(Kandare et al., 2017; Restrepo, 2019; Tasissa et al., 1997). Dominant height is defined as the
average total height of the dominant and codominant trees for a given area and is often used to
calculate site index (Burkhart and Tomé, 2012).

Due to the difficulty in measuring the total height for all trees within a stand, different
definitions for dominant height have been created, largely founded on field-plot sampling
methodologies. One of the earliest definitions of dominant height was the average height of the

tallest one hundred trees per hectare (Becking, 1953; Hart, 1928). Other sources define dominant



height as the average height for the largest one hundred trees per hectare, determined by the
greatest diameter at breast height (DBH), measured at 4.5 feet from the ground) (Rennolls,
1978). In general, definitions for dominant height for a given area can be placed into three
categories (Loetsch et al., 1973):

1. Mean height for a given percentage of the tallest trees;

2. Mean height for a given number of the tallest trees as defined by size/density;

3. The tallest single tree height.

Regardless of the definition used, sampling methods are necessary to obtain an estimate
of dominant height. These sampling methods can introduce bias when the tallest trees are
unevenly distributed across the stand (Orrego et al., 2021). A suggested approach to correcting
this bias involves the random placement of large field plots (>1 ha) to measure at least 100 trees
per plot, across the stand (Rennolls, 1978) . With regard to field sampling, bias can be addressed
if the plot size can appropriately capture the spatial distribution of tree heights within the given

area (Rennolls, 1978; Strand, 1964).

2.1.3. Stand Characterization with Remote Sensing Data

Remotely sensed data such as satellite imagery or LIiDAR data provide a unique
opportunity to assess dominant height and site index at finer resolution scales than a stand level,
further classifying a stand into multiple strata to inform the estimations of the site index.
Ultimately, allowing forest managers to obtain a more detailed understanding of how tree growth
varies across different micro-topographical positions within a stand will create opportunities for
increased management action effectiveness that may lead to cost savings. The acquisition of

large-scale, high-resolution ALS data additionally provides an opportunity to advance the role of
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precision forestry in assessing site quality and forest inventory; however, the standardization of a
definition for “dominant height” across any region is needed given the new era of big data in
forestry.

Remotely sensed data can mitigate some challenges related to sampling for dominant
height within a stand. For example, ALS point clouds can provide wall-to-wall geospatial
measurements and the locations of tree canopies within a stand. It is also possible to use ALS
point clouds to estimate additional metrics, such as crown length and height to live crown, for
individual trees, as well as total stand biomass (Kandare et al., 2017; Narin et al., 2022; Rahman
et al., 2017, 2013; Silva et al., 2016; Sumnall et al., 2023). Commonly applied methods for
determining total tree height from ALS data include the identification of the highest LIDAR
returns within a pre-defined area assumed to represent an individual tree crown (Rahman et al.,
2013). However, total tree height estimation using individual tree crown (ITC) methodologies
from ALS data can provide results that are comparable to field measurements (Corrao et al.,
2022; Gonzalez-Benecke et al., 2022; Kellner et al., 2019; Sumnall et al., 2023). For example,
Sumnall et al. (2023) found an overall R2 value of 0.87 and a Normalized Root Mean Square
Error (NRMSE) of 6.52% between field measurements and LiDAR-derived measurements for
total tree height. With the ability of ALS to provide wall-to-wall coverage and more accurate
estimates of individual total tree height than field measurements within a stand, the definition of
dominant height can be reexamined across different scales. In most situations, estimating DBH
from ALS data is still a challenge as data density plays a significant role in model accuracy and
tends to decrease with closer proximity to the ground (Silva et al., 2016). To solve this point
density issue, terrestrial laser scanning (TLS) has been used to estimate DBH and individual tree

volume (Brach and Chormanski, 2014; Kracek et al., 2020; Panagiotidis et al., 2021; Rahman et



al., 2017); however, scaling these methods from a few hectares to full stands or the landscape
scale has been challenging (Kracek et al., 2020). Nevertheless, the use of the ultra-high-density
drone LIiDAR can produce clouds with thousands of points per square meter, with low-altitude
flights and wide scan angles that resolve individual stem and branch structures (Krucek et al.,

2020).

2.1.4. Use of Remote Sensing in Precision Forestry

Precision forestry uses information collected from various sensors to optimize spatial and
temporal inputs aimed at maximizing forestland productivity. The goal of precision forestry is to
improve stand productivity and operational efficiencies through high-resolution data (University
of Washington et al., 2001). Several data sources can be used in precision forestry, including
satellite imagery, photogrammetric detection and ranging (PhoDAR), and light detection and
ranging (LIiDAR) data. Airborne laser scanning (ALS), which is one method of collecting
LiDAR data, penetrates the canopy from above and provides feedback about the bare earth,
forest structure, and understory cover. LIDAR data can be used to measure individual tree height,
which can then be integrated with existing biometric equations (Dash et al., 2016) to estimate
stand- or tree-level metrics, ecosystem services such as CO2 sequestration, and other attributes
that are important for economic valuation and management planning. Moreover, when combined
with precise digital terrain models (DTMs) and soil maps, these high-resolution data products
provide a unique opportunity to investigate the drivers of tree height at multiple scales and could
replace costly ground-based forest inventory measurements. Furthermore, ALS produces high-
quality metrics that can be used for creating and validating allometric models that inform the

decision process of forest management (Corrao et al., 2022; Kellner et al., 2019).



The goal of this study is to enhance the characterization of forest stand productivity by
assessing forest inventory methodologies that can benefit from the use of LiDAR-derived
individual tree heights and better within-stand variability measurements to inform stand-level
dominant height and site index estimates for loblolly pine plantations located across the southern
USA. Our objectives were as follows:

1. Assess how scale impacts these estimates for loblolly pine plantations;

2. Compare different definitions of dominant height;

3. Evaluate methods for stand stratification (e.qg., soils, topography, and soils plus
topography), relative to simulations of traditional field inventory sample plot data.

This study makes several contributions to literature. First, we provide an application that
uses ALS LiDAR and topographic data to characterize within-stand productivity for loblolly pine
plantations, a globally important supply source of timber. Second, our analysis demonstrates that
while dominant height definitions may be consistent, the percentile definition does a better job
representing dominant height in contrasting tree densities. The study also reveals that soil and
topography play an important role in dominant height, even at the sub-stand level, and should not
be overlooked. We also develop and demonstrate a method to stratify and weight site
productivity, and provide tools to incorporate soils and microtopography in management
decisions. Finally, we discuss the implications of our findings for forest managers interested in

precision silviculture.



2.2.  Materials and Methods

2.2.1. Site Locations

Three study sites were located in the southeastern United States, inclusive of Texas,
Alabama, and North Carolina (Figure 2.1). Eight separate forest stands were captured within
these study sites. The sites in Texas and Alabama each contain two stands, with four additional

stands located in North Carolina. Latitude ranges from 30°32"” N to 36°15” N and longitude from

94°43" W to 77°58" W. Stands at each site are close in proximity, under 10 km apart.
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Figure 2.1. Location of the three study sites. Study site locations are indicated with a red
triangle, and stand locations are identified in the insets ((A)—Texas; (B)—Alabama; (C)—North

Carolina).
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Location of the three study sites. Study site locations are indicated with a red triangle,
and stand locations are identified in the insets ((A)—Texas; (B)—Alabama; (C)—North
Carolina).

Across this region, mean annual precipitation ranges from 1298 to 1154 mm and the
mean annual temperature from 20.1 °C to 15.6 °C (Table 2.1). The mean annual maximum
temperature varies from 35.6 to 33.1 °C, and the mean annual minimum temperature from 3.4 °C
to —2.1 °C (Center (LaRC), 2022)

Table 2.1. Climate data for each study site covering the years 1981 to 2022 (Center

(LaRC), 2022).

Mean Annual Mean Annual Me_an Annuval M@an Annval
] L Maximum Minimum
Location Precipitation Temperature
R Temperature Temperature

(mm) (C) ¢0) 0
Alabama 1298 17.3 33.8 0.2
North Carolina 1154 15.6 33.1 2.1
Texas 1241 20.1 35.6 3.4

All stands were planted with loblolly pine between the years 1994 and 2005 and varied in
size from 13 to 56.5 hectares (Table 2.2). The majority of stands received a thinning at 16 to 19
years after establishment; two stands, one in Texas and one in North Carolina, received a
thinning at 22 and 27 years after establishment, respectively. Across all stands, thinning
treatments included removing every fifth row. Residual density ranged between 298 and 733
trees per hectare. The stand-level difference in elevation varies between 7.2 and 41.4 m, with the

stands in Alabama located at higher elevations than those in Texas or North Carolina.
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Table 2.2. Stand overview information including management actions and elevation.

Year Ageat  Tree Density Elevation
State  Stand  Area (ha) Planted Treatment after Thinning Range above
(Years) (trees/ha)  Sea Level (m)

AL ALNorthl  49.1 2001 19 733 127.1-168.5
ALSouthl 204 2002 18 941 118.8-146.0
NCNorthl  16.7 2003 18 443 58.8-88.9

NC NCNorth2  56.5 2005 16 403 55.7-88.9
NCSouthl ~ 51.5 1994 27 298 52.0-78.9
NCSouth2  13.0 2004 17 401 60.4-79.5

TX TXSouthl 523 2004 17 577 49.3-57.4
TXSouth2  35.8 1999 22 411 42.0-49.2

2.2.2. Soils and Geology

Soil maps were provided by the Forest Productivity Cooperative (FPC) Site Productivity
Optimization for Trees (SPOT) system’s soil code (Cook et al., 2024). These soil maps provide a
comprehensive assessment of factors known to affect tree response to forest management
practices because the SPOT codes characterize soil based on a combination of factors such as
dominant profile texture, depth to an increase in clay, drainage class, three soil modifiers,
geology, and physiographic province. Data sources include the SSURGO database, which is an
effort deriving from more than 100 years of work (Soil Survey Staff, Natural Resources
Conservation Service, United States Department of Agriculture, 2024). The sites located in
Alabama are in the southern Piedmont and contain igneous, sedimentary, and metamorphic rocks
that contain calcium (Ca), iron (Fe), potassium (K), and magnesium (Mg). They have a fine or
coarse loamy texture with varying degrees of drainage ranging from somehow poorly to well
drainage. The North Carolina sites are situated in the transitional area between the Piedmont and
the Atlantic coastal plain. Soil texture varies from silty to fine loamy and is well-drained. The

sites located in Texas are in the Gulf coastal plain physiographic province and the Lissie
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formation; these soil units were found to be severely deficient in phosphorus and have a coarse

or fine loamy texture that varies from poorly drained to moderately well drained (Table 2.3).

Table 2.3. Soil occurrences described by the FPC SPOT codes at each stand location.

Site Stand Soil Type (FPC SPOT Codes)
ALNorthl B4SyxfSrPD and C2WextScPD
AL B1WeaoBgPD, B4SyxfBgPD, C2WextBgPD, and
ALSouthl C2WextScPD
NCNorthl B2WekoAuPD and E2WykoAuPD
NCNorth2 B2WekoAuPD
B2WexvAuPD, B3WekoAuPD, E2WykoAmPD, and
NC  NCSouthl E2WyxvAuPD

NCSouth2 B2WexvAuPD, B3WekoAuPD, and E2WyxvAuPD

B3WeioLbGF, C3MeioLLbGF, C3PyaolLbGF, and

o outh C3WeioLbGF
TXSouthd C2MeioLbGF, C3MeioLbGF, C3PyaolLbGF, C4WoioLbGF,
C6MyioLbGF, and C6PyanL.bGF
2.2.3. Data Collection and Processing

Data were collected using multiple aerial LIDAR sensors across the three study sites over
the years 2020 and 2021. Table 2.4 provides the details for the LIDAR acquisitions. The choice
of sensors was dictated by data availability rather than a deliberate intent to compare various
sensors simultaneously. All the flights were conducted in a parallel pattern at 400 m above the
ground in Alabama, 180 m above the ground in Texas, and 60 m above the ground in North
Carolina. All airborne acquisitions used onboard aircraft navigation and real-time kinematic

geographic positioning system with a precision of <10 cm and positional accuracy of <5 cm
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using RIACQUIRE (RIEGL, 2022a). Re-processing tasks, such as calibration scan data and strip

adjustment, were performed in RiProcess (RIEGL, 2022D).

Table 2.4. LiDAR acquisition details including dates of collection, and sensor and flight
information. For more details and outcomes from the flight in North Carolina, please see

Sumnall et al. (2023).

Location Dates of Collection Sensor Pulse Density Flight Line
Overlap
AL January 2020 Riegl 156011 26 pulses/m2 60%
Riegl 0
NC July 2021 MiniVux1 20 pulses/m2 80%
Riegl VQ-480

TX  January—March 2021 289 t0 493 pulses/m2  55%

11

All analyses were completed within R v.4.1.2 (R Core Team, 2021). The LIDAR point
cloud was processed to ensure all outliers were removed using the LidR package (Roussel et al.,
2022). We applied the statistical outlier removal (SOR) tool to identify outliers in the point cloud
(e.g., extreme ground points and extreme canopy points). Filter parameters for this process
included the use of one normal distribution and a k-nearest neighbor value of eight points
(Roussel et al., 2022). The LAScatalog processing engine was used to segment the LIDAR point
cloud into smaller data files (Roussel et al., 2021) and default parameters for segmentation size
were used. After outliers were removed, we processed the LIDAR point cloud to create two
products used in the analysis: (1) the digital terrain model (DTM) and (2) the individual tree
crown (ITC) segmentation layer.

We performed ground classification of the LIDAR point cloud using the classify ground
function in R, with a progressive morphological filter with window sizes of 3, 12, and 3 m and

elevation difference threshold sizes of 0.1 and 1.5 m (Keqi Zhang et al., 2003; Roussel et al.,
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2021). The resulting DTM represents a pixel size of 0.25 m. We generated the DTMs using the

grid_terrain function and the TIN algorithm within the LidR package. Using the DTM, we
calculated the difference between elevation at a central point and the average elevation around it
for a given radius or topographical position index (TPI) (De Reu et al., 2013) for each 0.25 pixel.
To calculate TPI, we used the TPI function within the spatialEco package (Evans and Murphy,
2021) with an adaptive window size. The size of the window was different for each site and
based on the rate of elevation change for a given unit area. Hence, we used a smaller window
size for sites with a smaller elevation change and a larger window size for sites with a greater
elevation change. We performed a sensitivity analysis to determine the correct window size by
conducting comparisons between the TPI raster file and known topographical structures within
the stands. The sensitivity analysis indicated that an ideal window size was correlated with ten
times the range of elevation within the stand.

From the DTM, a topographic position index (TPI) layer was created to describe three
microtopography classes: valley, flat, or ridge. For each pixel in the DTM, microtopography
classes were calculated (De Reu et al., 2013) as follows:

1. Valleys—uvalue of less than one negative standard deviation of the TPI;
2. Flat—value greater than or equal to one negative standard deviation but less than one half
standard deviation of the TPI,
3. Ridge—value greater than one half standard deviation of the TP.

We delineated individual tree crowns (ITC) within the LIDAR point cloud using the ITC
segmentation method created by Sumnall et al. (2023) for loblolly pine. The detection of stem
locations in this method relies on exploiting the high pulse density of the LIDAR data. ITCS

delineation is based on segmenting the canopy height model (CHM) (Silva et al., 2016) using
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previously detected stems as initial markers. The author reported an average proportion of
missed alive trees of around 8%; however, for low tree densities (618 trees/ha), the method only
missed 1-3%. For each tree crown, we used the tallest returned pulse to determine the total
height and the center of the tree. A microtopography class was assigned to each tree center.
Microtopographic classifications were determined as the mode value for all pixels contained
within a 2.76 m radius circle around the tree center using the majority option in the exact_extract
function from the exactextractr package (Hollister et al., 2022). In addition, for each tree center,
we assigned a corresponding FPC SPOT soil code. We removed all trees contained within a
buffer zone of 15 m from the edge of each stand to address any edge effects on tree height

growth for this analysis.

2.2.4. Data Analysis
2.2.4.1. Dominant Height Definitions

Three definitions of dominant height were calculated for each stand using all trees
identified from the ITC methodology. In addition, plots were simulated for each stand and the
dominant height values were determined for trees found within each plot. The simulation
included the generation of a grid of 150 m in size randomly placed within each stand, with a 12.6
m radius circular plot (1/20 hectare) at the “node or centroid” of each grid cell (total plots within
each stand are provided in Table 2.5). The size and shape used in the simulation are common in
forest inventories for pine plantations (Lema-Tapias, 2003). Bar graphs were created to assess
the differences across the dominant height definitions for each stand and the plot simulation.
Based on these differences, one definition was selected for further analysis of how scale impacts

dominant height and site index. The definitions for dominant height were as follows:



16
1. Top HT 85—mean height of the 85th percentile of tallest trees;

2. Top HT 100—mean height of the tallest 100 trees per hectare within the stand;

3. Top HT 40—mean height of the tallest 40 trees per hectare within the stand.

Table 2.5. Summary of LiDAR-derived population tree detection value results by stand,
including the size of the stand, total and mean trees detected, and mean tree height with the

corresponding standard deviation.

Mean . Number of
Location Stand Area (ha) Nu{f; 22; of Trees per Mean T(r;e; Height Plots
Hectare Simulated
ALNorthl 49.1 35,537 724 17.3 (1.9) 22
AL AlSouthl 20.4 19,154 938 17.2 (1.6) 9
NCSouthl 51.5 15,136 294 21.2 (1.7) 26
NC NCSouth2 13.0 5260 404 17.0 (1.4) 9
NCNorthl 16.7 7296 437 17.3 (1.5) 9
NCNorth2 56.5 22,723 400 17.2 (1.7) 31
TX TXSouthl 52.3 19,061 365 17.7 (1.2) 24
TXSouth2 35.8 18,585 519 22.0 (2.0) 16
2.2.4.2. Scale

To assess the effects of scale on dominant height, each stand was stratified into four
scales:
1. Full stand: dominant trees are selected from the tree population for each stand without
stratification.
2. Soil classification: dominant trees are selected from the tree population for each soil
type.
3. Microtopography classification: dominant trees are selected from the tree population

for each microtopography type.
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4. Combined soil and microtopography classification: dominant trees are selected from
the tree population for each combination of soil and microtopography.
Each tree center found from the ITC methodology was classified for each scale and the

area within each stand was determined for each classification (Figure 2.2).
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Figure 2.2. Stand scale and tree selection process for stand NCSouth1.
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To explore the impacts of scale on dominant height, dominant height was calculated for
each class within each scale (e.g., soils, microtopography, and the interaction of soils and
microtopography). Boxplots were created to compare the range of tree heights used to compute
the dominant height value for each soil type for each stand. These boxplots were compared to the
trees used at the full stand scale. In addition, Dunnett’s tests (Dunnett, 1955) were conducted to
determine if there was a difference between the means for each soil class compared to the full
stand values for each stand. The tests were conducted at the stand level to ensure the effect of
age was removed. Dunnett’s tests were also conducted to compare each microtopography scale
to the full stand values for each stand. For each test, an alpha level of 0.05 was used to determine
statistical significance.

To investigate the interaction of soils and microtopography, we developed heat maps for
each study site. The heat maps visualize the percent differences between the mean dominant
height values at the combined soil and microtopography scales compared to the full stand scale.
Percent difference was used to normalize the information across the (Dieguez-Aranda et al.,

2006) different aged stands.

2.2.4.3. Site Index

To assess the impacts of incorporating scale into stand-level site index estimates, a
weighted site index was calculated for each scale and compared to the full stand estimate for the
site index. The site index was calculated using the equation for loblolly pine by Dieguez-Aranda

et al. (Dieguez-Aranda et al., 2006):

26.14 + X

SI =
1+ 1455/X0t_1-107

2.1
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where t is a base age value of 25 and Xo is as follows:

Yy — 26.14 + /(Yo — 26.14)% + 4 * 1455Y,t,~ 207
2 (2.2)

X0:

where 1 is the stand age and Y is the dominant height. Site index values were computed
for each class within a scale and a weighted average was determined for each stand. Weights

were based on the area for each class within a scale:

SIA;
n Ai

i=1 <=1

Weighted SI =

(2.3)

The Wilcoxon test (Wilcoxon, 1945) was conducted to determine if there was a
difference among weighted site index estimations across all stands for each scale. For each test,

an alpha level of 0.05 was used to determine statistical significance.

2.3.  Results

The number of population trees detected from the LIDAR point cloud varied from 294 to
938 per hectare, with North Carolina having the lowest-density stands and Alabama having the
highest (Table 2.5). Mean tree height was consistent at around 17 m for the majority of the
stands, except for two, NCSouthl and TXSouth2, which were 21.2 and 22.0, respectively. These
two stands are also the oldest in the study. The standard deviation of mean tree height varied
from 1.2 m to 2.0 m across all stands, while the total number of trees varied from 5260 to 35,527

per stand.

2.3.1. Dominant Height Definition
The dominant height definitions impact the dominant height value and its corresponding

variability (Figure 2.3). As expected, when dominant height is defined by a given number of
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trees per unit area, the mean value increases when the given number of trees per unit area
decreases. This trend is seen across all stands when comparing the forty trees per hectare to the
hundred trees per hectare definition. Also as expected, the spread in the data increases with an
increasing number of trees. Across all stands, the forty trees per hectare definition provided the
largest mean dominant height value. When the definition is based upon the 85th percentile, the
mean dominant height value fluctuates to either higher or lower than the 100 trees per hectare
value. Across the study sites, tree density varies from 365 to 938 trees per hectare, allowing for
the percentile method to be adjusted based on density changes, unlike the other two definitions.
Because a percentile definition better reflects the relative differences across stands with large
fluctuations in tree density, the 85th percentile definition will be used to investigate the impacts

of soil and microtopography on dominant height and site index.
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Figure 2.3. Dominant height values were computed at the stand scale using the following three

definitions: (1) one hundred trees per hectare, (2) forty trees per hectare, and (3) the eighty-fifth

percentile. The error bars represent the 95% confidence interval for the mean value from the

simulated plot inventory data. The numbers listed inside the bars represent the number of trees

used to calculate the dominant height per definition within a stand.

2.3.2.

2.3.2.1.

Scale

Soils

The number of soil types and their impact on dominant height varies by stand (Figure

2.4). The range of height for trees within the 85th percentile varied by state, with North Carolina
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having the widest range and Alabama having the narrowest range. In stand ALSouth1, two soil
types were found to be statistically different from the full stand estimate for mean dominant
height and two soil types were not: C2WextScPD and B1WeaoBgPD (p-values of 0.94 and
0.64). Soil type C2WextScPD, found in stand ALNorthl, was not significantly different from the
full stand (p-value 0.94) but B4SyxfSrPD was (p-value < 0.01). Across the four stands within
North Carolina, there was one soil type that was not statistically significant for one stand but was
significant for another, B2WexvAuPD (p-values < 0.01 and 0.93). Stand NCNorth2 had only one
soil type and was not included in the analysis. The boxplots show that two of the soil classes in
North Carolina have greater variability when compared to the others, E2WykoAuPD and
B2WexvAuUPD. The greatest differences in soil types can be seen in the state of Texas. Three soil
types were found to not be statistically significant when compared to the full stand in Texas:
C3WeioLbGF (p-value of 0.08) in stand TXSouthl, and C6MyioLbGF and C3PyaoLbGF (p-
values of 0.61 and 0.17) in stand TXSouth2. Soil type C3PyaoLbGF was statistically significant

for TXSouthl, but not for another stand (p-value < 0.01).
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Figure 2.4. Average dominant height values for each soil type within a stand were compared.
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Any soil types with less than five (5) values were excluded from the graphic. Dunnett’s test
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results were calculated using the means for each soil class compared to the full stand scale values

for each stand.

2.3.2.2. Microtopography

The results for microtopography indicate that Alabama has the smallest range of height
values for the 85th percentile trees within the microtopography scale (Figure 2.5). The p-values
indicate that all microtopography class estimates for mean dominant height are statistically
different from the full stand estimates in North Carolina. In stand ALSouthl, the mean dominant
height for those trees found on a flat is not statistically different from the full stand estimate (p-
value of 0.37), while those on mounds or in valleys show statistical differences in height. All
microtopography class estimates are statistically different from the full stand estimates in stand
ALNorthl. A different trend is seen in Texas, where the mean dominant height for those trees
found in valleys and on a flat is not different from the full stand estimate in the stand TXSouthl
(p-values of 0.22 and 0.07). For stand TXSouth2, the mean dominant height for trees found on a
flat is not statistically different from the full stand estimate (p-value of 0.39), while those on
mounds or in valleys show statistical differences in height. In all states, the mean dominant
height for trees in a valley is greater than the full stand estimate, with a very large difference

found for Texas.
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Figure 2.5. Average dominant height value for each microtopography class within a stand. The
p-values provided at the top of the graph are for the null hypothesis that the mean differences are
equal to zero. Dunnett’s test results were conducted between the means for each soil class

compared to the full stand scale values for each stand.
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2.3.2.3. Soils and Microtopography

The heat maps below provide a visual representation of how soils, microtopography, and
the interaction of soils and microtopography impact dominant height within the same region. For
stand ALNorthl in Alabama (Table 2.6), the percent change in average dominant height differs
by 11 percent, while stand ALSouthl’s percent change is 8 percent. Soil type C2WextScPD
appears in both stands and shows no difference from the full stand estimate in either stand. Soil
type B4SyxfSrPD shows the largest departure from the full stand estimate at —11%.
Microtopography differences are consistent across both stands for estimates obtained for trees on
a mound or in a valley, but the percent change for those trees in a flat area is different between
the two stands. The mean dominant height for those trees in a valley is 3 percent greater than the
full stand estimate, compared to the mean height of those in a mound, which is 3 percent less
than the full stand estimate. The mean dominant height for those trees found on soil type
B4SyxfBgPD in a valley is less than the full stand estimate, which is different from trees found
in a valley on any other soil type. Dominant trees on a mound in the B4SyxfBgPD soil type are,
on average, the shortest, and those in flat areas in the B4SyxfBgPD soil type are the tallest on

average.

Table 2.6. Heat map for the stands in Alabama with each cell value representing the percent
difference in average dominant height. The average dominant height for each scale was
compared to the overall average for the full stand (labeled in grey). Green indicates a percent

difference less than 3, red indicates a percent difference between 3 and 5 percent, and blue
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indicates a percent difference greater than 5 percent. Black indicates no trees in that combination

of soil and microtopography.

State Stand Soil Flat Mound Valley Sub Total
B4SyxfSrPD - 9% i -11%

ALNorthl C2WextScPD 1% -3% 3% 0%

Sub Total 3% -3% 3% 20.2 m
AL B1WeaoBgPD 0% -3% 3% 0%
B4SyxfBgPD = 4% -12% -2% 3%
ALSouthl C2WextBgPD | 1% 1% | 5%
C2WextScPD  -1% -8% 2% 0%

Sub Total 0% -3% 3% 19.6 m

A greater range in percent difference is seen across the soil types from North Carolina as
compared to Alabama. Two soil types show large positive percent differences: E2WykoAuPD
(13 percent) and B2WexvAuPD in stand NCSouth2 (11 percent); however, B2WexvAuPD
shows a slightly smaller percent difference in NCSouthl (3 percent). Soil type E2WyxvAuPD
shows a large negative percent difference at —7 percent. Trees located in a valley show a percent
increase in average dominant height when compared to the full stand estimate; those in a mound
have a negative percent difference; and those on a flat show little percent difference. Dominant
trees on a mound in the E2WykoAuPD soil type show a large increase in the percent difference
while across all other soil types, dominant trees located on a mound are shorter on average when

compared to the full stand (Table 2.7).

Table 2.7. Heat map for the stands in North Carolina with each cell value representing the
percent difference in average dominant height. The average dominant height for each scale was

compared to the overall average for the full stand (labeled in grey). Green indicates a percent



28

difference less than 3, red indicates a percent difference between 3 and 5 percent, and blue

indicates a percent difference greater than 5 percent. Black indicates no trees in that combination

of soil and microtopography.

State Stand Soil Flat Mound Valley Sub Total

B2WekoAuPD ~ -1% 0% 1% 1%
NCNorthl E2WykoAuPD | 8% 1% |l 3%

Sub Total -1% -1% 2% 19.7 m
B2WekoAuPD 0% -2% 3% 0%

NCNorth2 g 1 Total 0% 2% | 3%  198m
B2WexvAuPD 1% -5% -3% 0%
NC B3WekoAuPD 0% 3% 3% 0%
NCSouthl E2WykoAmPD | 3% 2% 5% 3%
E2WyxvAuPD | -7% 7% R 7

Sub Total 0% 3% 3% 23.8m
B2WexvAuPD 1% 2% 18% 11%
B3WekoAuPD 2% 5% 0% 3%
NCSouth? - powyxvAUPD — -1% | 4% 6% 1%

Sub Total 1% 4% 10% 19.1 m

The stands in Texas show the least amount of variability (Table 2.8). Percent differences

are more pronounced across different soil types than microtopography. The stands in Texas have

the smallest elevation range. Dominant trees located on flat surfaces within the C3MeioLbGF

soil type are the shortest on average when compared to the full stand and those within the

C3MeioL.bGF soil type are the tallest.

Table 2.8. Heat map for the stands in Texas with each cell value representing the percent

difference in average dominant height. The average dominant height for each scale was

compared to the overall average for the full stand (labeled in grey). Green indicates a percent

difference less than 3, red indicates a percent difference between 3 and 5 percent, and blue
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indicates a percent difference greater than 5 percent. Black indicates no trees in that combination

of soil and microtopography.

State Stand Soil Flat Mound Valley  Sub Total

B3WeioLbGF -1% 1% -3% 2%
C3MeioLbGF -6% 2% 0% -3%
TXSouthl C3PyaoLbGF -1% 0% 1% -1%
C3WeioLbGF 0% 0% -1% 0%

Sub Total 0% 0% 0% 193 m
TX C2MeioLbGF -2% -2% 2% -1%
C3MeioLbGF 4% 3% 2% 3%
C3PyaoLbGF 2%
TXSouth2 C4WoioLbGF 4% -5% -4%
C6MyioLbGF  -1% 0% 2% 0%
C6PyanLbGF 0% -1% 0% 0%

Sub Total 0% 0% 2% 244 m

2.3.3. Site Index

The Wilcoxon test indicates that when compared to the full stand estimate for site index,
the weighted estimates using the soils and the interaction of soils and microtopography are
statistically different for an alpha level of 0.05. In addition, the interaction of soils and

microtopography is statistically different from all other scales but not when compared to the plot

simulation values (Figure 2.6 and Table 2.9).
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Weighted Site Index (m)

D Microtopography
22

Pl

Soils +

Dominant Microtopography
Height Method

Figure 2.6. Weighted dominant height values computed using stand-scale level (i.e., full stand,
soil classification, microtopography classification, and combined soil and microtopography

classification) within three definitions (i.e., forty trees per hectare, the eighty-fifth percentile, and

a hundred trees per hectare).

Table 2.9. Comparison of weighted site index estimations across all stands for each scale with

the Wilcoxon test.

. . Soils and Plot
Stand Scale Soils Microtopography Microtopography ~Simulation
Full Stand 0.0225 0.0547 0.0078 0.2500
Soils 0.6406 0.0078 0.3828
Microtopography 0.0225 0.3125
Soils and
Microtopography 0.6406

2.4.  Discussion
24.1. Productivity Definition

Measures of site quality provide land managers with information that is critical to
forestland decision-making processes. Improvements in the accuracy and resolution of site
quality offer the potential to make better decisions regarding tree density choices, potential

localized growth rates, and nutrient availability or response potential from additives such as
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fertilizer or herbicide treatments. An increased understanding of these conditions within a forest
stand provides opportunities to minimize costs and increase profitability, as well as influence
additional landowner objectives such as forest health and aesthetics, wildlife preservation, and/or
hydrologic function. Profitability is often assessed as the amount of current or future
merchantable volume available within a stand at a given point in time. Traditionally, site index
has been used as a measure of site quality and has been defined and spatially confined to within
stand boundaries within the southeastern U.S. Burkhart and Tomé (2012) define a stand as a
contiguous group of trees, sufficiently uniform in age—class distribution, species composition,
and structure, growing on a site of sufficiently uniform quality to be a distinguishable unit. Stand
boundaries in the southern U.S. typically reflect localized geographic features such as roads, land
ownership, fire breaks, water bodies, and other physical land features, rather than uniform
productivity. The use of remote sensing data such as satellite imagery, PhoDAR point clouds,
and LiDAR point clouds creates a unique opportunity to assess information at a scale finer than
the stand level. The use of LIDAR point clouds to create tree maps and assess microtopography
moves the metrics available to forestland management decisions closer to those available in
precision agriculture, thus providing the ability to assess conditions and apply management
activities at finer resolutions. This creates the need to understand how traditional metrics such as

dominant height and site index perform at scales other than the stand scale.

2.4.2. Dominant Height
Dominant height performance is linked directly to the definition used for the calculation.
Sharma et al. (2002) investigated seven definitions for dominant height across thinned and

unthinned loblolly pine stands and determined that, in most cases, all seven definitions produced
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different results. This study indicates that for stands with sharp differences in density (e.g., trees
per hectare), a more consistent result is achieved using a definition for dominant height that is
based on a percentile of the trees than when using a dominance selection based on trees per
hectare counts (Ritchie et al., 2012).

Traditionally, dominant height was determined by measuring dominant trees within a
stand. In some cases, dominant-height trees were selected by placing field plots within the stand.
Determining the correct plot size can be challenging, and bias can be introduced if the plot size
does not appropriately capture the distribution of dominant height within the stand (Orrego et al.,
2021; Sharma et al., 2002). This study found that the dominant height was shorter for the
simulated plots when compared to using the full stand tree list developed from the LiDAR point
cloud. This difference in dominant height estimate is likely due to selection bias as the grid of
plots was spaced evenly throughout the stand, capturing a measure of within-stand height
heterogeneity. Garcia and Batho (Garcia and Batho, 2005) define this selection effect as the

phenomenon of when larger trees within the stand are not located on the plot.

2.4.3. Influence of Site Variability on Dominant Height

Tree height in the southern U.S. is often influenced by microtopography and soil
variations, which are foundational to defining microsite conditions. Microtopography is defined
as influential topographic variability for individual trees, and it has been described as small-scale
(<2 m) surface variation within an elevation range (Moser et al., 2007). Additionally, variations
in soil type (texture, structure, etc.) are often present within traditionally defined stand
boundaries. Between soil types, different soil properties affect vegetation. For example, soil

depth has been found to be an indicator of effective rooting volume (Rhoton and Lindbo, 1997).
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Similarly, Koirala et al. (Koirala et al., 2021) found strong associations between tree height and
water-holding capacity in surface soil conditions related to soil permeability and aeration in
northeastern Texas. Studies from other geographic regions, such as those by Zhao, Y. et al.
(Zhao et al., 2010), have observed that relative bulk density can limit total tree height for
Douglas-fir and lodge pole pine in British Columbia. The influences of soil type and condition
suggest that a combination of shallow soil depth, low rainfall, and less fertile horizons may slow
tree growth (Socha et al., 2021). Thus, understanding the soil attributes across a landscape would
lead to improved site index predictions (Bravo-Oviedo et al., 2008). Even in relatively
homogenous sites, when other resources are limited, small variations in soil nutrients or water
availability can positively influence microsite productivity (Bravo-Oviedo et al., 2008).

In addition to soils, microtopographic conditions impact dominant height at a finer scale.
Small variations in soil drainage within pine plantations located within the southeastern U.S,
Western Gulf Coast, are not always caused by broad changes in slope but rather small
topographic changes associated with randomly distributed “pimple mounds”, circular to elliptical
soil mounds ranging from 0.5 to 1.5 m in height and 10 to 30 m in diameter (Seifert et al., 2009).
Additionally, the presence of a floodplain can lead to an accumulation of soil organic carbon
(SOC) and an increased cation exchange capacity (CEC), providing vegetation with additional
nutrient uptake abilities. This contrasts with higher elevation, ridge, and spur positions, where a
lower CEC may exist due to rainwater leaching, erosion, and past land-use practices that further
impact the availability of nutrients such as potassium (K), which is critical to tree growth . Tree
growth for some species has been shown to increase in relation to sediment deposition areas and
the presence of more neutral pH levels (Marks et al., 2020), which can positively affect CEC.

Additionally, during seasonal or extreme droughts, microtopographic conditions can influence
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water availability to trees in lowland areas, where alluvial or erosive soil deposition has
increased soil depth and texture, thereby influencing the water-holding capacity of some areas
and supporting the recovery and resilience of soil health (Zhao et al., 2022). These
microtopographic changes and local topography influences influence tree growth, soil fertility,
and water availability at multiple scales, even within individual inventory field plots (Haywood
et al., 1990; McNab, 1991). Site index maps have been used to improve dominant tree height
estimates for growth and yield modeling (Bravo-Oviedo et al., 2008; Crookston et al., 2010;
Monserud et al., 2006; Weiskittel et al., 2011; Woollons et al., 2002). Therefore, the inclusion of
high-resolution ALS data for tree height, tree density, and microtopography could help to predict
soil features, like water availability and texture, since soil nutrition partly depends on the
topographical position. The influence of soil and microtopography on tree height has been
acknowledged throughout many forested regions, and thus, the heterogeneity within a forester-
drawn stand is also an aspect of forest management that needs to be considered. If dominant-
height trees are not found evenly throughout a stand, there may be LiDAR-derived values that
can be used to delineate stands to more biologically representative areas. Similarly, Liu and
Burkhart (1994) found that increments of total height were spatially autocorrelated.

Using ancillary data to map soil types and define dominant trees at a different scale can
lead to better dominant height estimates. We found that soil type influenced dominant height
estimates. For example, the C2WextScPD soil type in Alabama produced a higher dominant
height than the B4SyxfSrPD soil type. The C2WextScPD soil type has a stronger nutrient
availability of C, Fe, K, and Mg, a well-drained soil profile characterized by a coarse loamy
texture, and a shallower depth due to the argillic horizon. In contrast, the B4SyxfSrPD soil type

has good nutrient availability for K, drains poorly, and possesses a deeper depth due to the
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increase in clay. Kelting et al. (2000) found that for young loblolly pine, site preparation
treatments, and soil productivity indicators explain 87% of the variation in tree height; and
Kelting et al. (1999) found that surface soil depth had a weak positive effect on tree growth. At
the study site in Texas, the lowest dominant height values were found in well-drained soil with a
coarse loamy texture, while the soils with wetter drainage conditions had higher dominant height
values. Pangle and Seiler (2002) found that soil moisture limitations in coarse loamy soils can
limit microbial activity in loblolly pine. These results were somewhat anticipated given the body
of literature defining the influences of soil texture, structure, CEC, and water-holding capacity on
vegetation development within both commercial forest and agricultural systems.

Incorporating microtopography metrics resulted in an improvement in the overall location
accuracy of trees exhibiting a dominant height. We found that across all three states, dominant-
height trees located in a valley or lowland positions showed greater total height-by-age than
those found on a mound or in a flat area of similar age. These results are similar to those
described by Borders et al. (2004), who found that for loblolly pine sites located near each other
in the Dixon State Forest near Waycross, Georgia, USA, slight elevation changes create distinct
site characteristics. Lorio et al. (1972) observed that for loblolly pine located on wet sites,
variations in mycorrhizal surface area were dependent upon localized differences in
microtopography (pimple mounds up to 2 m). The heat maps developed in this study highlight
differences in combinations of soil type and microtopography impact in terms of measured total
height. Changes in total height are observed within and between stands when either the soil type
or the microtopography are held constant. Additionally, the weighted site index Wilcoxon tests
indicate significant differences in weighted site index when the interaction of soil and

microtopography are considered together from location to location. Care should be taken when
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considering estimates of tree dominance, and ultimately site index, at any scale to ensure that the
area sampled for each class is large enough to provide a representative sample and considers the

heterogeneity of soil type and microtopography throughout (Mieza et al., 2016).

2.4.4. Precision Forestry Using Remote Sensing Data

Conventionally, forest management has focused on using sampled, mean, and stand-level
estimates of forest attributes for planning and management activities within growth and yield
models of projected performance. The research here suggests LIDAR data can enable a total
stand population to be assessed and identify differences in valuable metrics such as dominant
tree height and relative spatial positioning at scales finer than the stand-level. This differentiation
enables us to consider tailored silviculture planning and management practices such as targeted
fertilizer applications to improve forestland resource investments. Incorporating ancillary data
such as soil type maps and microtopography can improve estimates of variables such as
dominant height and site index, which are often important drivers within growth and yield
models. Future research should consider the potential of using measured tree growth from
LiDAR populations to improve soil attribute mapping for aspects such as depth and water-
holding capacity. From the results of this research, it is suggested that, within the southeastern
U.S., stands of loblolly can potentially be managed at different scales to optimize resource
allocation in scenarios of increasing fertilizer prices and uncertainty in timber prices (Restrepo,

2019).
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2.5.  Conclusions

ALS LiDAR data collected at or above the densities presented in this work offer a robust
opportunity to characterize total forest stand populations and provide information at finer scales
than previously available to inform forest management practices. The interaction of soil
conditions and microtopography can play a meaningful role in the average height of dominant
trees within loblolly stands similar to those in this study. However, the results of this work
indicate that slope position and tree density also play key roles in the height and growth within
plantations similar to these. Forestland managers should consider soil and microtopography
within management decisions because, when included in a weighted site index measure, the
resulting values were statistically different from standard practices within these sites.
Additionally, it may be beneficial to employ stratification techniques when measuring site
quality and productivity to prevent bias in measurements of dominant height when employing
them for determining site index, especially in stands with a wide variety of soil types and
microtopographies (Cohrs, 2022). Publicly available LIDAR data, regardless of their low pulse
densities, can provide valuable microtopography information (<2m DTM), depending on the
composition and density of the understory vegetation. However, LIDAR data with an increased
pulse energy and greater pulse densities has been shown to capture more accurate tree heights
and improved tree counts compared to publicly available datasets. The cost of these mostly
private collections may, however, be prohibitive for some project scales and restrict the ability to
create high-quality individual tree segmentation maps. Lastly, while access to repeated LIiDAR
datasets may be limited in many geographic regions, opportunities for using PhoDAR or surface
models of tree canopies in conjunction with LIDAR datasets may provide an option for assessing

tree height changes over time at a stand or sub-stand resolution.
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CHAPTER 3: Loblolly Pine Plantation Response to Fertilization versus Vegetation

Control
3.1.  Introduction

Loblolly pine (Pinus taeda L.) is the most important commercial forest species in the
southeastern US and globally. Planted loblolly pine systems cover 14.4 million hectares across
14 states (Oswalt et al., 2019). Silvicultural practices vary in intensity and include site
preparation, fertilization, woody vegetation control, genetic improvements, and thinning. These
treatments can improve basic site productivity when applied at the right time during the rotation.
Mid-rotation silvicultural treatments, like fertilization and herbicidal weed control, are
commonly applied post-thinning to enhance crop tree growth. However, fertilizer price volatility
along with relatively lower herbicide application prices make resource optimization a priority
(Albaugh et al., 2019).

A stand’s response to mid-rotation treatments post-thinning depends on site variables,
stand age, and the intensity and type of thinning (Burkhart and Tome, 2012). Sharma et al.,
(2006) found that initial growth response to thinning was more at younger stand ages than at
older ages in loblolly pine plantations across the southeastern United States in part due to longer
lengths of live crown. Additionally, the basal area growth of loblolly pine plantations in response
to thinning not only depends on the age at the time of thinning but also on the site index and pre-
thin stand density (Bailey et al., 1985; Hasenauer et al., 1997; Liu et al., 1995). After a thin,
competing vegetation can produce fierce competition for limited resources, and herbicides can
release crop trees (Parresol, 1998). Post-thinning, when sunlight is no longer limiting, crop trees

can respond to fertilization, so nitrogen (N) and phosphorus (P) are commonly used in forest
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plantations to optimize loblolly pine growth because of their importance in productivity
(Albaugh et al., 2017).

Previous field experiments have analyzed the site-specific response of loblolly pine to
fertilization and competing vegetation control to understand the primary resource limitations in
pine growth (Albaugh et al., 2003). The “RW17” located in Alabama, Georgia, North Carolina,
and South Carolina, measured mid-rotation response in loblolly pine stands to nitrogen (224 kg
ha -1 ) and phosphorus at (56 kg ha -1) and vegetation control. Fertilization plus vegetation
control provided the best overall growth response followed by fertilization, then vegetation
control after 4 years. Aerial application of herbicide for vegetation control may have reduced
growth in the first two years (Albaugh et al., 2012). Young et al. (2023) found that herbaceous
vegetation does not typically affect mid-rotation stand productivity; however, woody vegetation
can compete with pine after thinning, in both fertilized and non-fertilized conditions if not
controlled with herbicide applications. A trade-off exists between the biological growth response
and the costs associated with fertilizer and herbicide application.

Sites also respond differently to varying fertilizer rates. The “RW13,” conducted across 9
states in the southeastern US, was a factorial combination of four levels of elemental nitrogen (0,
112, 224, and 336 kg ha) and three levels of elemental phosphorus (0, 28, and 56 kg ha™)
(Scolforo et al., 2020). Measurements continued for 10 years at 32 sites in the southeastern
United States. The volume response duration to nitrogen treatments was eight years (measured),
14 years (modeled), and 16 years (modeled), with longer durations corresponding to higher
nitrogen rates. Modeled volume response duration increased with greater fertilizer application.
The highest volume growth response per unit of nitrogen applied occurred at the lowest dose

(112 kg ha't, although this dose resulted in the shortest response duration. Conversely, the
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highest nitrogen dose (336 kg ha™) produced the highest absolute response and the longest

response duration but the lowest growth response per unit of nitrogen. This indicates that lower
nitrogen applications led to greater application efficiency (Fox et al., 2007). However, the
interaction between variable fertilization rates and herbicide application in thinned plantations of
loblolly pine in the southeastern United States is not yet fully understood.

To model individual growth in response to nitrogen fertilization, variables such as site
index, fertilization treatment, live crown variables, and initial DBH have been used (Carlson et
al., 2008; Shafii et al., 1990), these studies show that more growth response to nitrogen
treatments occurs for larger trees in the same site and age class (Albaugh et al., 2017).
Additionally, other variables such as stand density also affect the tree growth response to
fertilization (Amateis et al., 2000; Burkhart and Tomé, 2012).

All these experiments highlight the need to consider the drivers of loblolly pine growth
response across different soils to site-specific silvicultural activities such as fertilization and
vegetation control. Foliage can increase in response to nitrogen fertilization after the first year of
treatment (Albaugh et al., 2021) and leaf area index (LAI) is linearly related to total stand
biomass and current annual increment and varies from site to site and the slope of the
relationship due to soil water and nutrient limitations in loblolly pine plantations (Rubilar et al.,
2012; Will et al., 2015). LAI becomes a criterion for nutrient management in pine plantations
because it is the result of nutrient dynamics and complex ecological processes at sub-stand scales
and can be measured at a landscape scale (Cohrs, 2022).

Remote sensing imagery, such as Landsat and Sentinel-2,can be used to estimate LAI in
pine plantations in the southeastern United States at a 30 and 10 m spatial resolution and

generate maps that estimate stand productivity and track changes in response to silviculture
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across large areas in the southeastern United States (Gopalakrishnan et al., 2019). Taking
advantage of a short revisit period, it can be used to assess the current state of the nutrition, and
biomass at the stand level, to make management decisions (Cohrs et al., 2020) such as
fertilization over large expanses of land.

Additionally, satellite imagery can be used to estimate deciduous competing vegetation
by subtracting winter LAI from spring LAI due to the low change in pine LAI between winter
and early spring. However, the presence of evergreen LAI with species like yaupon holly (llex
vomitoria Ait) in the competing vegetation limits the correct estimate of both canopy LAI and
competing LAI (Blinn et al., 2012). LiDAR data overcomes the issue of detection of evergreen
competing vegetation (Sumnall et al., 2021, 2017). LiDAR data can be collected over time for
individual trees to model top height growth and site index maps by predicting canopy heights
(Socha et al., 2017). However, challenges in pairing field data with remote sensing are not
uncommon.

While some studies have shown a response to fertilizer application, the effects of
herbicide application and the interaction between herbicide and variable fertilizer rates have not
been studied to a sufficient degree for loblolly pine plantations in the southeastern United States.
The goal of this study is to characterize the growth response of thinned loblolly pine plantations
to variable rates of fertilizer application and its interaction with herbicide treatment, and residual
competing vegetation to inform stand-level silvicultural activities. Specifically, our objectives
were as follows:

1) Quantify the effect of different fertilizer rates with and without herbicide application

on growth response in loblolly, and
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2) Evaluate the interactive effects of initial tree size, competing vegetation LAI, and
canopy LAI with fertilization and herbicide application on basal area increment growth response

in loblolly pine.

3.2.  Methods
3.2.1. Research Site

The research sites consist of four thinned stands located in East Texas. The latitude
ranges from 30°32' N to 30°58' N, and the longitude ranges from 94°43’ W to 94°19" W. The

stands are no more than 53 km apart (Figure 3.1).
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Figure 3.1. Location of the research sites in East Texas.

Across this region, the mean annual precipitation is 1,438 mm, and the mean annual
temperature is 20.1 °C. The mean annual maximum temperature is 35.6 °C, while the mean
annual minimum temperature is 3.4 °C (Thornton et al., 2022). A summary of precipitation and

temperature data around the fertilizer application is presented in Figure 3.2.
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Figure 3.2. Cumulative weekly precipitation and average maximum weekly temperature for
March, April, and May of 2021, along with historical accumulated weekly precipitation

(Thornton et al., 2022) and the fertilizer application timeline.

Study stands ranged in size from 35.8 to 88.9 hectares and were planted with loblolly
pine between 1999 and 2006 (Table 3.1). The stands were thinned 14 to 22 years after
establishment between April 2019 and January 2020. Across all stands, thinning consisted of the
removal of every fifth row, with selection between rows. LiDAR tree detection estimated a
residual density ranging between 181 and 805 trees per hectare (Table 3.1). The within-stand-

level difference in elevation varies between 7.2 and 39.1 m.
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Table 3.1. Stand overview information, including management actions and elevation.

Stand Area | Year LiDAR-Derived Mean Tree Elevation Range above
(ha) | Planted Density after Thinning Sea Level (m)
(Trees/ha)
TXSouthl [52.3 | 2004 379 49.3-57.4
TXSouth2 [35.8 | 1999 569 42.0-49.2
TXNorthl [88.9 |2003 181 67.2-106.3
TXNorth3 |[44.8 | 2006 805 56.7-74.7

Each stand has multiple soil subgroups within its boundaries. Soil units are derived from
the SSURGO Database (Soil Survey Staff, Natural Resources Conservation Service, United
States Department of Agriculture, 2024) (Table 3.2). The stands are located in the Western Gulf
Coastal Plain, characterized by phosphorus (P) deficient soils. TXNorth1 is located in soil units
that have been found to be root-limited, with subsoil textures ranging from sandy and mixed (2:1
clays) to alfic (high base saturation). The soils exhibit clay, fine loamy, or coarse loamy textures
and are classified as moderately well-drained, well-drained, or somewhat poorly drained. The
stand TXNorth3 is characterized by some root limitations and a sandy subsoil. The soil profile is
well-drained, featuring fine loamy and coarse loamy textures. Both the TXSouthl and TXSouth2
stands are located in soil units that exhibit a coarse or fine loamy texture that varies from poorly
drained to moderately well-drained. Additionally, some sections are salt-affected and alfic (Cook

et al., 2024).




Table 3.2. Soil subgroup occurrences at each stand location.

Stand

Geologic Formation

Soil Subgroup

TXNorthl

Catahoula Formation,
Fleming Group
Formation

thermic Arenic Plinthic Paleudults, thermic
Aquic Glossudalfs, thermic Arenic
Hapludults, thermic Vertic Hapludalfs,
thermic Vertic Paleudalfs, thermic Aquic
Hapludults, thermic Arenic Paleudults,
thermic Oxyaquic Paleudults, thermic
Oxyaquic Eutrudepts, thermic Oxyaquic
Glossudalfs, thermic Typic Glossaqualfs

TXNorth3

Willis Formation

thermic Arenic Plinthic Paleudults, thermic
Arenic Hapludults, thermic Fluventic
Dystrudepts, thermic Aeric Endoaquepts,
thermic Fluvaquentic Endoaquepts

TXSouthl

Lissie Formation

thermic Typic Glossaqualfs, thermic
Oxyaquic Paleudults, thermic Typic
Paleudults

TXSouth2

Lissie Formation

thermic Natric Vermaqualfs, thermic
Oxyaquic Paleudults, thermic Arenic
Paleudults, thermic Typic Paleudults, thermic
Typic Glossaqualfs,

3.2.2. Data

3.2.2.1.

In April 2019, most stands were thinned, while TXSouth2 was thinned in January 2020.
Herbicide was applied using a skidder in May 2020. In March 2021, fertilization was applied
using a plane, and in September 2023, herbicide was reapplied. Stands were divided into 1 ha
grids and received a randomly assigned fertilizer application rate of nitrogen, ranging from 0 to
336 kg of elemental N ha™ with 10% elemental phosphorus. Treatment zones less than 0.4

hectares were grouped with adjoining treatments. Phosphorus was applied as diammonium

Experimental Design and Treatments

phosphate (18% N and 20% P), and the remaining nitrogen was applied as urea (46% N).

46



47

Herbicide was applied, splitting the stand into operational sections as detailed by Cohrs
(2022), resulting in a split-block experimental design. The stands were treated with herbicide
using a skidder. The tank mix for the herbicide application (same for all) was 1.36 kg Chopper
Gen 2 (isopropylamine salt of imazapyr at 26.7%), 0.68 kg Garlon XRT (triclopyr at 83.9%),
0.03 kg. Escort XP (Metsulfuron methyl at 60%), 0.114 kg. Elite Velocity, and 0.97 kg Elite
Supreme at a rate of 281 liters ha™

Herbicide application was carried out in May 2020, which we refer to as zero year since
treatment (YSTO). Fertilizer was applied by plane in March 2021. Therefore, all treatments had
an additional growing season of herbicide treatment before fertilizer was applied. The number of

plots by treatment combinations are listed in Table 3.3.

Table 3.3. Plot distribution by herbicide and no herbicide treatments.

Herbicide treatment Total Stand Level

Nitrogen
Application
Rate (kg N
Stand ha™?) Herbicide | No Herbicide

112

168
224

280
TXNorthl | 336

24

112

168
TXNorth3 | 224

O (O |k, | W |IDN| O |IDN|IDN|IDN]|O
o |loc |l W |IN|F|IO|FL, | O|kF, |0
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Table 3.4 (continued).
280

TXNorth3 | 336

12

0

112
168
224

280
TXSouthl | 336

17

112
168
224

280
TXSouth2 | 336

O[O I NN |IDNN | W |IN|IFPIDN|IDN| O|IFL, |IDNN|IF |-
O OO0 | O | Wl WwW|IMO|lO|IDNMN|IDN|W|+— |O

15

3.2.2.2. Field Data Collection

Seventy measurement plots were established across the four studystands (Figure 3.1).
Field plots were established and measurements were taken in December 2020 (YST1—since
herbicide, prior to fertilization) and measured annually during the dormant season in December
2021 (YST2), February 2023 (YST3, along with GPS tree data), and February 2024 (YST4).
Northwest Management collected fixed-wing LIDAR data in December 2020 (YST1) (See
Appendix). Plots were established by pacing 20.11 m (66 feet) to include approximately 30 trees
between two thinning rows, with an average plot area of 300 m2. Plot corners were recorded

using a recreational-grade GPS when the plots were established in 2020 (YST1). In each plot,
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diameter at breast height (DBH) was measured for every tree, along with the total height and
height to live crown of the first and last tree within the plot. Heights were measured using a laser

hypsometer.

3.2.2.3. LiDAR and Satellite Data Collection and Processing

LiDAR data was collected using a Riegl 1560ii LIDAR sensor attached to a fixed-wing
aircraft across the five study stands in December 2020. The mean pulse density was 15 pulses
m2. All flights were conducted in a parallel pattern at 1.3 to 1.6 km above ground level.

LiDAR point clouds were processed within R v.4.1.2 (R Core Team, 2021). The LiDAR
point cloud was processed to ensure all outliers were removed using the LidR package (Roussel
et al., 2022). We applied the statistical outlier removal (SOR) tool to identify outliers in the point
cloud (e.g., extreme ground points and extreme canopy points). Filter parameters for this process
included the use of one normal distribution and a k-nearest neighbor value of eight points
(Roussel et al., 2022). The LAScatalog processing engine was used to segment the LIiDAR point
cloud into smaller data files (Roussel et al., 2021) and default parameters for segmentation size
were used. After outliers were removed, we processed the LIDAR point cloud to create three
products used in the analysis: 1) winter competing vegetation and canopy LAI estimation. 2)
Winter competing vegetation vertical height, and 3).

The winter competing vegetation and canopy LAI were calculated using the modified
Beer-Lambert law method, as adapted by Sumnall et al. (2021) where the return intensity within
the competing vegetation or canopy vertical component is summed for the first, single,

intermediate, and last returns.
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The competing vegetation LAI for 2022 was calculated using Sentinel-2 satellite imagery
by deriving the Simple Ratio Vegetation Index (SR), which is the ratio of the near-infrared band
to the red band. The Simple Ratio is then converted to total LAI using the method presented by
Cobhrs et al. (2020). The competing vegetation LAI is subsequently calculated by subtracting the
winter LAI from the spring LAI (Blinn et al., 2012).

The ITC was segmented using the method created by Sumnall et al. (2023) for loblolly
pine. The detection of stem locations in this method relies on exploiting the high pulse density of
the LIDAR data. ITC delineation is based on segmenting the canopy height model (Silva et al.,

2016) using previously detected stems as initial markers.

3.2.2.4. Statistical Analysis and Modeling Methods

We are using an alpha value of 0.05 to determine statistical evidence. In cases where p-
values fall between 0.05 and 0.1, we refer to these results as showing weak evidence. P-values
less than 0.05 and greater than 0.01 are considered to provide moderate evidence, values between
0.001 and 0.01 indicate strong evidence, and values below 0.001 are interpreted as very strong
evidence. On the other hand, values above 0.1 are considered to show little or no evidence. This
approach follows the framework outlined by Muff et al. (2022), which supports a more nuanced
interpretation of results rather than relying solely on a binary threshold of significance.

The LiDAR-derived competing vegetation height and competing vegetation LAI were
assessed from YST1 using a T-test to determine which is a stronger indicator of herbicide
treatment at study and stand level.

The treatment plots represent a split-block design where herbicide is the whole plot

treatment and fertilizer is the subplot. Treatments were applied post-thinning and field
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measurements were repeated annually. Field plots serve as replicates and the experiment reflects
an unbalanced design because not every rate of fertilizer or herbicide is present at every block.

The mean tree basal area (m?) was calculated for every plot in the study during each
measurement period (YST1-4). Mean tree basal area increment was estimated between YST1
and YST4 to assess the tree-level response due to treatment.

ANOVA and a linear model were used to assess the effects of fertilizer rate and herbicide
application on the mean tree basal area increment between YST1 and YST4 at the study level.
Because of the unbalanced design, the fertilizer rate was aggregated in three rate categories for
this analysis: control (0 kg per ha), low (112, or 168 kg per ha), and high (224, 280, or 336 kg
per ha). The full model includes the main effects stand (class variable), fertilizer, and herbicide
treatments (control or herbicide applied) as well their interactions:

mean tree basal area increment YST1 — YST4 = stand + herbicide +
(herbicide = stand) + fertilizer rate + (fertilizer rate * herbicide) +
(stand * herbicide = fertilizer rate) (3.1)

The estimated marginal means (a.k.a least squares means) were computed and compared
to the LIDAR derived competing vegetation LAI and fertilization rate. To investigate potential
differences due to pretreatment conditions, the initial basal area from YST1 measurements was
included as a covariate in a linear model. In this model, the fertilizer rate is treated as a

continuous variable rather than a categorical variable as above:

mean basal area increment YST1 — YST4 = understory LAl * fertilizer rate
+ mean basal area at YST1 + stand (3.2)

Model parameters were estimated using the Im() function in R software and the

significance of fixed effects were evaluated using the type I11 analysis of variance as
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implemented in the anova() function (R Core Team, 2021). The estimated marginal means were
obtained using the emmeans library (Russell, 2024).
3.3.  Results
3.3.L Competing vegetation detection with LIiDAR data

There is no evidence of a difference in mean LiDAR-derived competing vegetation
height at the plot level between the herbicide and non-herbicide treatments. The distribution of
competing vegetation height ranged from 0 to 10.7 meters in the herbicide treatment plots, while
in the non-herbicide treatment plots, heights ranged from 3.6 to 9.7 meters, with a mean of 6.9

meters for both (Figure 3.3).
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Figure 3.3. Plot LIDAR-derived Competing vegetation height per plot derived from LIiDAR in

YST1. The black bars extending above and below the mean indicate the range within which the
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true mean is likely to fall with 95% confidence, calculated using bootstrap resampling. The large

white circle represents the mean.

We found very strong evidence that herbicide lowered competing vegetation LAI.
Competing vegetation LAI differed significantly between the two herbicide treatments in YST1,
with the mean LAI 207% higher in the non-herbicide treatment plots compared to the herbicide
treatments, and mean LAI values of 0.25 and 0.08, respectively. The stands TXNorth1,
TXSouthl, and TXSouth2 had a higher presence of evergreen competing vegetation, such as
yaupon, while TXNorth2 and TXNorth3 had deciduous competing vegetation. Since the LIDAR
data was collected during the leaf-off season in December of YST1, it is possible that the
estimated levels of competing vegetation LAI at these deciduous competing vegetation sites were

underestimated (Figure 3.4).
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Figure 3.4. Plot competing vegetation LAI by stand derived from LiDAR in YST1 by stand

using the modified Beer-Lambert law method (Sumnall et al., 2021). The black bars extending
above and below the mean indicate the range within which the true mean is likely to fall with

95% confidence calculated using bootstrap resampling. The white circle represents the mean.

3.3.2. Competing vegetation detection with satellite imagery
Due to the presence of evergreen species such as Ilex vomitoria (yaupon holly) and the
high density of the tree canopy post-thinning, Sentinel-2 satellite competing vegetation detection

was compromised (Figure 3.5,

Figure 3.6 and
Figure 3.7). This limitation arises from the inability to capture changes in competing

vegetation LAI between the leaf-off and full-leaf seasons, as well as the high canopy LAI, which
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prevents the sensor from detecting vegetation beneath. Thus, little evidence for differences in

competing vegetation LAI was found in the stands TXNorth3 and TXSouth2, while TXNorthl
and TXSouthl showed moderate evidence for a difference in LAI between herbicide-treated and

non-treated plots.
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Figure 3.5. Plot Sentinel-2- derived competing vegetation LAI in YST1 using the method
developed by Cohrs et at., (2020). The black bars extending above and below the mean indicate
the range within which the true mean is likely to fall with 95% confidence calculated using

bootstrap resampling. The large white circle represents the mean.
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Figure 3.6. Sentinel-2 competing vegetation LAI (Left) using the method developed by Cohrs et
at., (2020) in YST1 at TXNorth3 Shows that this is not an appropriate method for competing
vegetation detection in stands with evergreen competing vegetation for this experimental site.
Competing vegetation LAl with LIDAR (right) using the modified Beer-Lambert law method
modified by Sumnall et al., (2020) in YST1 at TXNorth3 detects the competing vegetation for

this experimental site.
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Control (No Herbicide or Fertilizer)

No herbicide + Fertilizer
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Figure 3.7. Example of treatment plots in YST4.

We did no find evidence that the canopy leaf area index (LAI) at the stand level was
affected by herbicide treatment. The canopy LAI was highest in TXSouth2 and TXNorthl, with

most values above 3 and some exceeding 3.5. TXSouthl and TXNorth3 exhibited values above 2

(Figure 3.8).
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Figure 3.8. LIDAR-derived Canopy LAl in YST1 by herbicide treatment at stand level. The
black bars extending above and below the mean indicate the range within which the true mean is
likely to fall with 95% confidence, calculated using bootstrap resampling. The large white circle

represents the mean.
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3.3.3. Basal Area Results

Understory conditions post herbicide but prior to fertilizer treatment showed that mean
tree basal area varied by the stand in YST1 with regard to herbicide treatment. TXSouthl had a
greater mean tree basal area in herbicide treatments than in non-herbicide (p value =
0.02). TXNorth1 showed weak evidence (p value = 0.09) that mean tree basal area was greater in
herbicide treatments in YST1. TXNorth3 and TXsouth2 showed no evidence of a difference in

mean tree basal area due to herbicide (Figure 3.9).
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Figure 3.9. Mean tree basal area per plot in YST1 analyzed by stand and herbicide treatment.

The black bars extending above and below the mean indicate the range within which the true

mean is likely to fall with 95% confidence calculated using bootstrap resampling. The large

white circle represents the mean.

We found strong and moderate evidence at TXNorthl and TXSouthl that herbicide

application increased mean tree basal area increment from YST1 to YST4 (Figure 3.10). There

was no evidence of differences due to herbicide treatments at the stand level for TXNorth3 and

TXSouth2 (T-test p value > 0.375).
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Figure 3.10. Mean tree basal area increment for individual trees per plot from YST1 and YST4
by herbicide treatment at stand level. The black bars extending above and below the mean
indicate the range within which the true mean is likely to fall with 95% confidence calculated
using bootstrap resampling. The white circle represents the mean.

The ANOVA results provided strong evidence (p < 0.01) that the stand influenced mean
tree basal area increment during this period (Table 3.5). There was also moderate evidence that
herbicide treatment had an effect (p = 0.04), and moderate evidence (p = 0.01) that the
interaction between stand and herbicide treatment may have influenced the response. However,
there was little or no evidence that fertilizer rate or its interaction with herbicide application, or

the stands, influenced mean tree basal area increment between YST1 and YST4. The data was
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normally distributed (Shapiro-Wilk normality test, p-value = 0.11) and resulted heteroscedastic
(Breusch-Pagan test for heteroscedasticity, p-value = 0.03). The mean tree basal area from YST1
to YST4 growing seasons exhibits similar growth among herbicide treatments and fertilization
rates at the study level. However, when analyzed by stand, a decreasing growth rate with higher
fertilizer rates is observed in TXSouthl and TXSouth2, nevertheless, the error bars intersect

showing no difference among them (Figure 3.11).

Table 3.5. Analysis of Variance (ANOVA) results for mean basal area growth from YST1 to

YST4, assessing the effects of fertilizer rate and herbicide application at the study level.

Source Degrees of Mean of p-value
Freedom Squares
Stand 3 8.5810"-05 <0.01
Herbicide Treatment 1 2.60107-05 0.04
Fertilizer Rate 2 6.1510"-06 0.36
Stand * Herbicide
Treatment 3 2.51107-05 0.01

Herbicide Treatment *
Fertilizer Rate 2 2.9910"-06 0.60

Stand * Fertilizer Rate 6 5.3510"-06 0.51

Stand * Herbicide
Treatment * Fertilizer
Rate 5 4.9910"-06 0.53

Residuals 45 5.9710"-06




63

e

£ TXNorth1 TXNorth3

b

P 0.015

=

|_

b 0.010

pa

-

E 0.005

a T

£ 0.000 reatment
-'E .
E THSouth1 THSouth2 . Herbicide
o . Mo Herbicide
20015

L]

x

®© 0.010

W

[1§]

L]

L8]

b

E 0.000

et & 3 & & & )

Fertilizer Rate

Figure 3.11. Mean tree basal area increment between YST1 and YST4 by herbicide and fertilizer
rate at stand level varied by stand. The mean values for the linear model are displayed using
estimated marginal means (or least-squares means). Error bars are calculated as the standard

deviation of the basal area increment.

There was little to no evidence of the effect of competing vegetation LAI and Fertilizer
rate on mean tree basal area increment (p value of 0.72 and 0.21, respectively). Furthermore,
there was weak to little to no evidence that the interaction between fertilization and competing
vegetation LAI influenced mean tree basal area increment (p = 0.12). The stand and initial tree
basal area did significantly impact mean tree basal area increment. Evaluating the means, it
appears that when competing vegetation LAI increases, the basal area growth shows less

response to higher fertilization rates—indicating that at higher competing vegetation LAI levels,
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additional fertilizer results in depressed basal area growth; While the ANOVA was not
significant, individual stands analysis gave evidence for a trend between competing vegetation
LAI and basal area increment at fertilizer rates between 180-224 kg ha™* (p value < 0.01) (Figure
3.12). There is strong evidence that the mean basal area in YST1 affects the mean tree basal area

increment between YST1 and YST4 (p value <0.01).

Table 3.6. Coefficients and statistical significance for the linear model predicting basal area
increment (YST1 to YST4) based on estimated marginal means (least-squares means) where
competing vegetation LAI values and fertilization rates are covariates at the study level.
Significant effects are bold. The model also includes the interaction between competing

vegetation LAI and fertilization rate, as well as the stand variable.

Coefficient Coefficient p-value

Intercept 0.00541 <0.01

Competing Vegetation LAl | -0.00082 0.72

Fertilizer Rate 0.00000394 |0.21
Mean Basal Area YST1 0.17021 <0.01
Stand: TXNorth3 -0.00364 <0.01
Stand:TXSouthl -0.00011 15 g
Stand: T XSouth2 -0.00772 <0.01

Competing Vegetation * i
Fertilizer Rate 0.00002817 0.12
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Figure 3.12. Relationship between the mean tree basal area increment between YST1 and
YST4 and competing vegetation LAI in YST1 derived from LiDAR across fertilizer rates. The
fitted values for the linear model are displayed using least-squares means for different values of

competing vegetation LAI within each fertilization rate.

3.4.  Discussion
3.4.1. Competing Vegetation Detection with LIDAR and Satellite Data

LiDAR-derived LAI can provide precise estimates of evergreen competing vegetation
(Sumnall et al., 2021), and corresponded well with visual field estimations. However, some
competing vegetation on the herbicide treatments remained standing dead even 7 months after
treatment, which may have produced noise in the LiDAR-based competing vegetation estimates.

The standing dead vegetation could explain the little evidence for a difference in competing
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vegetation height between herbicide and no herbicide treatments, supporting that understory LAI
is a better indicator of competition than height.

Satellite imagery detected weak evidence for differences in competing vegetation LAI in
the stands TXNorth3 and TXSouthl, which had more deciduous competing vegetation and lower
canopy LAI. However, we could not detect any significant difference in mostly evergreen
competing vegetation LAI due to herbicide treatment using imagery from Sentinel-2 in the stands
in the stands TXNorth1l and TXSouth2. This may be due to the presence of competing evergreen
species, where the evergreen competing vegetation makes it harder to distinguish between the
canopy and competing vegetation LAI (Blinn et al., 2012; Cohrs, 2022) and the high canopy LAI
(above 3), which may have made it difficult to see the difference in LAI in perennial competing
vegetation beneath the canopy (Peduzzi et al., 2010). Moreover, the availability of cloud-free
satellite imagery can be challenging even with cloud-free pixel-based composite scenes (Corbane
et al., 2020). Thus, satellites are still useful in deciduous competing vegetation scenarios,
especially with lower canopy cover, by taking advantage of their revisiting period and
availability. Furthermore, LIDAR is expensive, and if collected during the off-leaf season, it can

also underestimate the LAI values of deciduous competing vegetation.

3.4.2. Fertilizer and Herbicide Treatment Effects

At the study level, we found strong evidence of the effect of herbicide among stands.
However, there was little to no evidence for a treatment effect of fertilizer application on mean
tree basal area increment between YST1 and YST4. Nevertheless, the effect of herbicide also

could be driven by the significantly higher mean tree basal area in YST1 plots treated with
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herbicide compared to non-herbicide plots, despite the significant reduction in competing
vegetation LAI levels since bigger trees grow faster (Binkley et al., 2013; Zhao et al., 2011).
High levels of winter canopy LAI in YST1 (post thinning) (from 2.3 to 3.5 but 71%
above 3) in the TXNorthl and TXSouth2 stands likely to explain the lack of the effect of
fertilization on the basal area growth of individual trees between YST1 and YST4. LAI values
above 3 typically do not respond to fertilization (Fox et al., 2006). Additionally, canopy LAI was
measured in December 2020 in YST1, which is significantly lower than the peak LAI observed
in late spring (Blinn et al., 2012). In stands with lower canopy LAI where fertilization could have
been effective (TXNorth3 and TXSouthl), high temperatures and low precipitation immediately
following application (Figure 3.2) may have contributed to some nitrogen volatilization, even
with urease inhibitors applied, from the applied urea. Furthermore, two weeks after the urea
application, rainfall at all sites was four times the typical historic levels in stands TXSouthl,
TXSouth2, and TXNorthl, which normally receive around 23 to 41 mm of rainfall per week, but
experienced values between 98 to 132 mm during the observed week. Stand TXNorth3 received
precipitation up to seven times the historic levels. This excessive rainfall may have led to nitrate
leaching from the soil solution (Cameron et al., 2013). A rough estimate of the potential nitrate
leaching depth can be assessed by assuming excess rainfall. This is calculated by taking the
precipitation for the weeks between fertilizer application and June 1 and subtracting the
historical average precipitation. Given approximately 400 mm of excess rain and assuming 50%
porosity, the potential leaching depth can be estimated by dividing excess rainfall by porosity
(Jury and Horton, 2004). Thus, the excess rainfall would result in a potential leaching depth of

80 cm.
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While fine roots (<1 mm) drive the nutrient uptake through the soil (Rowe et al., 2001),

fine roots are heavily concentrated in the first 10 cm of the soil profile, and the relative uptake
potential dramatically drops below the topsoil in sandy soils (Da Silva et al., 2011). Yet, root
exploration accounts for the nitrogen budget in deeper soils (50 cm) when stimulated by the
production of mycorrhizae. (Pritchard et al., 2008). Furthermore, deep roots may help take up
nutrients leached from the topsoil into the deeper layers of the soil profile. Van Rees and
Comerford (1986) found that one-third of fine roots in slash pines growing in Florida’s
Spodosols were located in the argillic horizon below 1 m in depth, demonstrating the potential
for nutrient uptake from the subsoil. Nevertheless, the argillic horizon of the soil series present in
the stands starts around 40 cm, which might concentrate most of the fine roots and the nutrient
uptake to the most superficial horizons above the potential leaching depth.

The strong evidence of the interaction between stand and herbicide application was likely
influenced by the variability in competing vegetation LAI across stands. For example, in contrast
to the other stands, TXNorth3 had relatively low competing vegetation with understory LAI
values (below 0.15) regardless of herbicide treatment. Thus, there is no response to herbicide
application if there is very little competing vegetation to control. The significant effect on the
basal increment of the herbicide treatment in TXSouthl and TXNorthl may not be due to the
herbicide treatment itself, since the mean basal area was already different in YST1, and it is
unlikely that the effect is attributable to just one growing season with herbicide (Albaugh et al.,
2021, 2003) and it may be related to the conditions in YSTO. The mean diameter growth per tree
in all fertilizer treatments and stands (non-herbicide) had a mean of 2.8 cm surpassing the growth
in the RW17 trial series of the control (2.6 cm), but not herbicide (2.8 cm), the fertilizer (3.2 cm),

and fertilizer + herbicide (3.6 cm) treatments experiment over a 4 year period (Forest Nutrition
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Cooperative, 2001). Only at stand TXNorth1, the mean DBH increment surpassed the results of

the RW17 study, with a mean response to fertilization of 3.6 cm over the same measurement
period in the herbicide plots and 3.0 cm in the control treatment. Indicating that the stand was
already more productive than the rest of the stands in our experiment. Furthermore, the
application of herbicides, can inhibit pine growth and might have affected this study (Forest
Nutrition Cooperative, 2001).

Mean basal area in YST1 and the stand played an important role in basal area increment
from YST1 to YST4. We did find weak to little evidence of an interaction between competing
vegetation LAI and response to fertilization rate such that mean tree BA was more negatively
impacted by competing vegetation LAI at higher fertilizer rates. Greater competing vegetation
may be competing with the crop trees, as found by Young et al. (2023), where woody vegetation
can compete with pine after thinning, in both fertilized and non-fertilized conditions, if not
controlled with herbicide applications. However, the lack of no herbicide plots, particularly on
the higher fertilizer doses, is problematic. Additionally, plots with rates from 280 to 336 had low
competing vegetation LAI to begin with, with a mean of 0.07, particularly in TXNorth3, creating

an imbalance in the experimental design.

3.4.3. Limitations and Future Directions

Future analyses should be greatly expanded with a new LIDAR data acquisition.
Additionally, new LIiDAR measurements may capture a longer-term response to fertilization and
herbicide application. Future work should estimate growth response by measuring tree heights
over time in all stands. To calculate volume at the stand level, accurate GPS tree locations should

improve data pairing between field and LiDAR-derived data. Scaling plot data to the stand level
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requires careful delineation of plot areas, as small changes in area can impact results when
converting to a per-hectare basis.

Satellite and LiDAR data play a crucial role in informing decisions across large, planted
forest landscapes. Satellites remain highly useful, especially in deciduous competing vegetation
conditions, by leveraging frequent revisit periods and open-source data to measure nutrient
status, LAI, and detect changes effectively. However, their utility is still limited where
competing vegetation is evergreen or canopy LAl is too high. LIDAR-derived competing
vegetation metrics should be collected during the full-leaf season. Furthermore, this data should
be carefully analyzed to determine the effectiveness of herbicide applications, as standing dead
competing vegetation on the herbicide-treated side may persist after treatment, introducing noise
into LIDAR-based competing vegetation estimates.

While LIDAR data can be expensive to collect, some freely available datasets provide
valuable insights. LIDAR is capable of delivering individual tree metrics, such as height and
crown information. With privately collected high-density LIDAR, even direct estimations of tree
diameter and volume are possible (Sumnall et al., 2025), enhancing forest management and
analysis.

Additionally, site response may be influenced by initial tree diameter, stand density, and
site index, while the difference in initial conditions among sites in YSTO may also be masking
the effects of herbicide and fertilizer treatments (Raigosa-Garcia et al., 2024; Fisher and Garbett,
1980; Fox et al., 2007; Albaugh et al., 2015). Thus, to better understand treatment effects,
collecting tree cores could allow for the estimation of tree size prior to treatment and growth
between treatment and the first measurement period. Also, stand density has a significant effect

on the mean basal area (Zhao et al., 2011), but it is not analyzed in this study due to the unknown
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plot sizes. Sharma et al. (2002) emphasize that basal area must be analyzed not only in terms of

basal area per hectare but also in relation to tree density.

3.5.  Conclusions

Satellite and LiDAR-derived metrics are powerful tools that can inform management
decisions regarding herbicide and fertilizer applications, as the LAI of the competing vegetation
and canopy, as well as nutrient status, can vary even at the sub-stand level. By making use of
satellite availability, revisiting periods, and LiDAR’s high-resolution measurements, these
sensors can assess productivity across large landscapes and help plan fertilizer and herbicide
applications. However, silvicultural operations such as fertilization should be carefully managed
not only from an economic standpoint but also operationally, as the financial investment can be

substantial.
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CHAPTER 4: Economic performance of loblolly pine plantations under uncertainty
and across a range of silviculture and carbon management interventions
4.1.  Introduction

Loblolly pine is the dominant commercial forest species in the southern US, covering
14.4 million hectares across 14 states in the Southeastern United States. Timber production in
this region has increased dramatically in recent decades due to sustained increases in loblolly
pine productivity, which has been supported by favorable environmental conditions (Albaugh et
al., 2019; Fox et al., 2006; Zhao et al., 2016), a large proportion of privately managed land
resources (Oswalt et al., 2019), genetic improvements (Isik and McKeand, 2019; McKeand et al.,
2021), and advances in silvicultural strategies (Rubilar et al., 2018). Silvicultural practices
applied to loblolly pine plantations vary in intensity and encompass site preparation, fertilization,
vegetation control, and thinning. Given the commercial importance of this species, accurate
timber assessments are crucial for timberland appraisal and development of management plans
that include silvicultural interventions.

Simultaneously, plantation investments have contributed greatly to a stable US and
southern regional forest carbon sink (Magerl et al., 2019). Recent economic modeling suggests
that the relative share of the US forest carbon sink attributable to loblolly pine plantations could
grow over time due to continued investment and a reduced carbon sinks in other regions of the
US that face increased disturbance risk or a higher proportion of older-aged stands (Tian et al.,
2018; Wear and Coulston, 2015). Other recent research indicates that silvicultural interventions
on loblolly pine plantations, coupled with wood product allocation strategies, can help to
optimize the long-term carbon and climate performance of these plantation systems (Puls et al.,

2024a, 2024Db).
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Despite the importance of loblolly pine to the forest products sector and global carbon
budget, and a substantial literature focused on potential return on investment to loblolly pine
(and other plantation) investments, there is still ambiguity on the net financial performance of
specific management interventions. Further, most studies on plantation investments were
conducted prior to COVID-19 era market anomalies that saw prices surge for some forest
products and other energy, material, and fertilizer commodity markets. Fertilizer markets have
seen particularly high market volatility.

Further, few studies quantify the marginal abatement costs of silvicultural decisions and
rotation timelines as part of broader carbon management strategies in plantation systems. Most
economic analyses of forest carbon management strategies capture the opportunity costs of, i.e.,
extended rotations or investments in new plantations (Austin et al., 2020), but fail to reflect
nuanced silvicultural decisions such as thinning interval and whether or not to fertilize. New
analysis of the economic and carbon performance of specific loblolly management interventions
is needed to reflect conditions of relatively high market volatility and new revenue-generating
opportunities for loblolly pine plantation managers (such as carbon market participation).

To fill these key knowledge gaps, this study seeks to:

1) Develop a methodology to evaluate how volatility in input costs (specifically
fertilizers) and output prices affect the distribution of simulated NPV in loblolly pine
plantations;

2) Assess how silviculture affects optimal rotation lengths and potential product

allocations from loblolly pine systems across a range of productivity (site) classes;
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3) Test whether the variance of simulated NPV under expected future market conditions
is greater for more intensively managed (e.qg., fertilized) stands vs. less intensively
managed stands (as a measure of risk);

4) Quantify the marginal abatement costs associated with fertilization, herbicide, and
alternative rotation lengths as carbon management strategies;

5) Quantify breakeven carbon prices needed with longer rotations beyond optimal NPV.

This manuscript contributes to the literature in several ways. First, our methodology

captures stochastic prices and market interdependencies in output markets for pulpwood,
sawtimber, and chip-and-saw grade roundwood using a vector error model correction (VEMC)
time series approach. Second, we provide insight into how input cost uncertainty could influence
expected returns for loblolly pine systems, focusing on fertilizer price volatility, showing that
intensification can increase the net present value of managed stands, but potentially at the cost of
higher variance. Finally, we quantify the marginal abatement costs of management
intensification and harvest deferrals for different silvicultural scenarios, with results showing a
lower opportunity cost of carbon for less intensively managed and lower productivity stands.

In the following sections, we discuss previous literature in this space that motivates our

research, outline the empirical and simulation modeling approach employed in the analysis,

present results from stochastic simulations, and discuss our findings relevant to the literature.

4.2.  Background and Literature Review
Loblolly pine is one of the top commercial species in the global wood product sector by
volume and market share (Johnston et al., 2023; Shephard et al., 2022). Financial performance of

loblolly pine production systems, and plantation forests broadly, has been the subject of a
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growing literature (Chudy et al., 2020; McKeand et al., 2021; Tanger et al., 2021; Trlica et al.,

2021). Recognizing inherent uncertainty in forest markets, recent analyses have applied
stochastic techniques to explore how different factors influencing net returns and management
costs affect net returns to plantation investments. Recent studies find the internal rate of return
for southern US loblolly pine systems to fall with the range of 4%-9% (Chudy et al., 2020; Trlica
et al., 2021). Some studies focus more on uncertainty in forest growth parameters (Restrepo et

al., 2019).

4.2.1. Standard Approach for Financial Analysis

A financial analysis should incorporate empirical or otherwise realistic estimates of forest
productivity, benefits from timber and non-timber products, and costs associated with site
establishment, management, and harvests. Standard financial metrics such as net present values
(NPV) or land expectation value (LEV) can be used to quantify the net returns to silvicultural
regimes and support risk assessments. Given the uncertainties linked to factors like timber and
fertilization prices, yield, labor, etc., it becomes imperative to compute stochastic assessments of
NPV using computational algorithms such as Monte Carlo. The probabilities derived from these
stochastic financial calculations can be later used in logistic models to judge the probabilities of
success (Restrepo and Orrego, 2015). Additionally, they contribute to determining the
distribution, and confidence intervals of measurements such as NPV or internal rate of return,
serving as a valuable measure for risk assessment to promote commercial forest plantation
investment especially when the returns are not expected after many years of the initial planting
(Restrepo and Orrego, 2015). Monte Carlo allows the random computation of variable values

within a specified range, which is applied in the estimation of NPV. This process allows the
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calculation of the distribution of potential LEV values through hundreds of iterations(Maarit and
Kallio, 2010; Restrepo and Orrego, 2015).

Additionally, they contribute to determining the distribution, and confidence intervals of
measurements such as NPV or internal rate of return (IRR), serving as a valuable measure for
risk assessment to promote commercial forest plantation investment especially when the returns
are not expected after many years of the initial planting (Restrepo and Orrego, 2015). Monte
Carlo allows the random computation of variable values within a specified range, which is
applied in the estimation of NPV. This process allows the calculation of the distribution of
potential LEV values through hundreds of iterations(Maarit and Kallio, 2010; Restrepo and
Orrego, 2015).

The silvicultural investment involves factors inherent to the site and other cultural
activities, such as site productivity (quantified by site index), distance to the mill, species
selection, and genetics (Lee Allen et al., 2005). Analyzing biophysical drivers of growth and
optimizing silvicultural activities are imperative to increase productivity, enhance profitability,
and manage risk in silvicultural investments. However, external economic factors such as global
markets and interest rates may strongly influence the financial performance of this investment
(Restrepo, 2019). Yield can be estimated as the function of site index, and productivity maps,
NPV, and Internal Rate of Return (IRR) can be employed to assess potential investments in a
specific area.

The NPV is the difference between the present value of cash inflows and the present

value of cash outflows over a period (Amacher et al., 2009; Bettinger et al., 2017).

Rt
NPV = ) —— (4.1)
S
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Where Rt is the net cash flow during a single period t, i is the discount rate of return and t
is the number of time periods. If the NPV is positive, the investment is profitable for the investor.

Through iteration, NPV can be maximized by identifying the optimal rotation age to
evaluate different rotation ages to choose the t that maximize NPV for each variable combination
(Ramirez et al., 2020) .

The IRR is defined as the discount rate that is required to arrive at an NPV of zero. When
the NPV is zero the return of the investment is equal to the discount rate i, which in this case is
called the internal rate of return. The IRR of a project is the discount rate i that makes NPV/(i) =0

(Bettinger et al., 2017).

NPV—O—zn: ke (4.2)
- L (+IRR) '

In shorter rotations, the discount rate exerts less influence on timber prices, and harvested
timber typically serves a singular purpose, primarily as pulpwood. Longer rotations mitigate the
risk of price fluctuations by allocating volume to various products. Fast-growing plantations
necessitate heightened caution in all operations. In the US, returns are low but still attractive (5-
7%), with low variation across market changes. The lowest coefficients of variation were
observed in site preparation and silvicultural management costs (Chudy et al., 2020).

The risk is measured as the standard deviation of the IRR simulated with the Monte Carlo
algorithm. Generally, higher IRRs are associated with more risk. Low IRRs and high-risk
investments are not common in the US and South America. However, the analysis does not
consider the cost of land and macroeconomic aspects that could affect the investment

Biological growth along with timber prices are the most important variables that affect
IRR (Chudy et al., 2020). This emphasizes the importance of enhancing site productivity through

fertilization, herbicide application, and genetic improvement (Jokela et al., 1991; Rubilar et al.,
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2018, p. 201; Scolforo et al., 2020; Young et al., 2023). Young et al. (2023) found increased

loblolly pine productivity in planted stands in the following order: thinning + fertilization +
herbicide > thinning + herbicide> fertilization + thinning > thinning. However, NPV and IRR
must be analyzed to calculate the financial trade-off between biological growth response and the
cost associated with fertilizer and herbicide application. Furthermore, variable-rate fertilizer
applications introduce varied dynamics between biological response and financial efficiency.
Even if there is an increased growth response, it might not offset the higher cost of a higher
fertilizer and herbicide application rate at a given stumpage price. Optimal financial performance
should be prioritized, even if it does not necessarily align with the scenario boosting the highest
biological response to treatments (Borders and Bailey, 2001).

Growth and yield models are essential in forestry in the South. They are developed using
common field measurements and are used to predict the growth and expected yield of forestry
stands or individual trees (Appendix Figure A.1). These models reliably forecast individual and
stand characteristics over time, including stand density, mortality, dominant height, and volume
per unit. With this information, different stakeholders can make decisions to meet their
management objectives, considering economic and policy implications (Burkhart and Tomé,
2012; Peay et al., 2022). One such model is the Loblolly Decision Support System (LobDSS)
(Montes, 2002), developed by North Carolina State University and Virginia Tech as part of the
Forestry Productivity Cooperative. To simulate stand growth using LobDSS, users must input
initial density, site index, and desired rotation age. The system also allows for simulations of
thinning and fertilizer applications by specifying the amount of elemental nitrogen applied.
Furthermore, LobDSS can estimate forest carbon as an output of the simulations. Moreover,

users can customize simulations by selecting parameters such as soil type, drainage class,
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phosphorus deficiency, and competing vegetation. Merchandising values can also be configured
to further refine the simulations, making LobDSS a versatile and reliable tool for forest
management (Peay et al., 2022).

The Monte Carlo simulation allows for the incorporation of stochastic elements, such as
timber prices, enabling the accounting for variability and uncertainty in inputs. By running
thousands of simulations, it provides a range of possible outcomes and their associated
probabilities. This approach offers a better alternative to conducting investment analysis solely
based on mere site index calculations (Ramirez et al., 2020). The Monte Carlo method provides a
representation of the robustness of timberland investment. Additionally, an NPV stochastic
distribution with a maximum and minimum value ($/hectare) can be generated (Restrepo and
Orrego, 2015) as well as the probability distribution of IRR.

The harvesting age in even-aged silvicultural systems can significantly affect carbon
storage. Delaying harvesting allows individuals to grow bigger, storing more carbon in live
biomass and dead organic matter than trees in a shorter cycle. Furthermore, the delayed cycle
will allow merchandising to shift from shorter-life-cycle products, such as pulpwood, to longer-
life-cycle products, like sawtimber. As a result, prioritizing stands with higher mean annual
increments may be beneficial for carbon sequestration when considering forest products (Asante,
2011). Optimal rotation ages assessed by using NPV can be compared to the revenue generated
by delayed harvesting. By including carbon prices, land managers may obtain higher
revenues(Yu et al., 2023). Additionally, increasing carbon prices may result in delaying the
optimal rotation age (Asante, 2011).

While some studies have explored the biophysical aspects of loblolly pine productivity,

the interaction between variable fertilizer rates, silvicultural practices, timber prices, and their
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volatility should be studied further in the context of financial optimization and carbon prices.
This study aims to evaluate the financial performance and risk of simulated silvicultural
investments in loblolly pine under volatile timber and fertilizer prices. Additionally, this study

seeks to evaluate silvicultural practices and alternative rotation lengths as carbon management

strategies.
4.3. Methods
4.3.1. Financial analysis

To evaluate how the volatility of input prices affects NPV and understand the current
economic context of timber investment, we used loblolly pine growth simulations with LobDSS,
Monte Carlo to simulate cash flows and compute the NPV using a discount rate of 5% (Trlica et
al., 2021). While previous studies assume stochastic growth and yield, we develop deterministic
projections of growth and yield for loblolly pine plantations under different silvicultural and site
productivity assumptions. This modeling approach helps to isolate changes in relative NPV from
differences in management costs (including stochastic fertilizer prices) and stochastic output
prices. That is, the silvicultural prescriptions include specific input use rates and associated
levels of output, which we take as given to explore the influence of input costs and output prices
on the variability in projected future returns.

The loblolly pine growth simulations are calculated with LobDSS. The simulations
included two site indices (20 m and 26 m) (~65 and ~85 feet) representing low and high
productivity, respectively, with an initial density of 1,482 trees per hectare (600 trees per acre).
When thinning was applied, the basal area was reduced to 16.2 m? ha* (80 ft2/acre) at 15 years

old for the site index of 20 m and 12 years old for the site index of 26 m. The fertilizer
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application was set to 201 kg ha*(200 pounds per acre) of elemental nitrogen (0.496 metric
tons/hectare of Urea), with the option for phosphorus selected in LobDSS. Fertilizer costs are
assumed to be stochastic (see discussion below), reflecting recent market volatility in fertilizer
markets. However, we hold herbicide costs over the regime due to data limitations.

The expert system site factors were set as follows: soil type: loams; drainage: moderately
well-drained to well-drained; surface horizon thickness: 7—20; phosphorus (P) deficiency: severe;
competing vegetation: weeds and hardwoods, or none depending on whether it was an herbicide
or non-herbicide scenario. while all other settings were left as default. The simulations were

calculated over a 50-year horizon (Table 4.1).

Table 4.1. Simulated scenarios to calculate NPV for site indices of 20 and 26 m (*applicable
only to scenarios with a site index of 26 m) in loblolly pine plantations. In this context, T stands
for thinning, NT for no thinning, F for fertilizer, NF for no fertilizer, H for herbicide, and FC for
fertilizer cost. The FC label is used in scenarios where fertilizer is not applied, but fertilizer costs

are still included to emulate cases with no fertilizer response.

Treatment code | Thinning Fertilizer Fertilizer cost Herbicide
T,F Yes Yes Yes No
T, NF Yes No No No
NT, F No Yes Yes No
NT, NF No No No No
T,NF, FC * Yes No Yes No
T,FH Yes Yes Yes Yes
T, NF, H Yes No No Yes
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Table 4.1 (continued).

NT, F, H No Yes Yes Yes
NT, NF, H No No No Yes
T, NF, FC, H* Yes No Yes Yes

To measure the risk of more intensive silviculture, we calculated the variance of the NPV
simulations at the final harvest period. Optimal rotations are determined at the point in time
where NPV is maximized for each simulation, which can vary across simulations.

To generate the cash flows and calculate NPV using Monte Carlo simulations, we used
both deterministic and stochastic parameters. Deterministic parameters included loblolly pine
growth simulations and silvicultural activities such as shearing and bedding, chemical site
preparation, planting, maintenance, herbicide application for weed and hardwood control, and
fertilizer application. This parameter remained fixed, based on the specific treatment defined for

each scenario (Table 4.2).

Table 4.2. Variables used in cash flow analysis (The Alabama Cooperative Extension System,
2024). Timber prices are given as stumpage prices per metric ton. All other prices are given on a

per-hectare basis.

Variable Price ($ ha') Year
Maintenance 37.07 1
planting 400.30 0
Fertilizer application 161.85 12-15
Shear and bedding 630.11 0
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Table 4.2 (continued).

Chemical site preparation 239.69 0

Herbicide application for weeds and hardwoods control 118.61 12-15

The stochastic parameters to generate the cash flow and calculate NPV using Monte
Carlo simulations include Sawtimber, chip-n-saw, pulpwood, and urea prices. Quarterly average
regional nominal timber stumpage prices are retrieved from Timber-Mart South (TimberMart-
South (TMS), 2024) from the first quarter of 2004 to the first quarter of 2022 for the southeastern
U.S. Nominal urea and crude oil West Texas Intermediate (WTI) average monthly prices are
retrieved from World Bank Commodity Price Data (World Bank, 2025). These prices are
inflation-adjusted to 2022 using the Historical Consumer Price Index for All Urban Consumers
report (U.S. Bureau of Labor Statistics (BLS), 2025).

Timber price volatility is closely tied to supply, demand, and the dynamics of
international forest product trade. With increasing global demand for mass timber, timber prices
are expected to rise, subsequently driving up forestland values (Nepal et al., 2021). Incorporating
forecasted timber price assumptions can enhance forestland value by accounting for price
volatility and potential market fluctuations. Fertilizer prices are tied to crude oil prices (Chen et
al., 2012) and can be forecasted using time-series data and vector autoregressive modeling

(VAR) (Babula and Somwaru, 1992; Chen et al., 2012; Rezitis, 2015; Sanyal et al., 2015).

14
Y, = c+ Z BY,_i + & (4.3)
i=1

Where Y; is a vector of variables, c is a vector of intercept terms, ; are coefficient

matrices and &; represent a vector of error terms.
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Similarly, the timber stumpage price time series can exhibit cointegration, suggesting an
equilibrium relationship between the prices of different timber products. This relationship
between nonstationary variables can be modeled using vector error correction modeling
(VECM), which captures both short-term dynamics and long-term equilibrium relationships
(Jaunky and Lundmark, 2015; Kolo and Tzanova, 2017; Ning and Sun, 2014; Parajuli and

Chang, 2015).

p—1
AY, = MYp_; + z [;AY;_; + CD; + & (4.4)
i=1

Where AY; is the first difference of Y, I1 is a coefficient matrix containing the
cointegration relationships. I; is a coefficient matrix of AY;_;, C is a coefficient matrix of the
vector of deterministic trends D;. &; represent a vector of error terms.

Thus, urea prices are forecasted along with oil prices using VAR modeling at levels
(Johansen and Juselius, 1990) after checking for stationarity using the Augmented Dickey-Fuller
(ADF) test (Dickey and Fuller, 1979) and not finding cointegration with the Johansen
cointegration test (Johansen and Juselius, 1990) in RStudio (R Core Team, 2021) using the ca.jo
function from the urca package (Pfaff et al., 2024) to examine the long-term relationships
between oil WTI and urea prices. The optimal lag length for the VAR model is determined using
the VARselect function from the vars package. Once the lag length is identified, the VAR model
is estimated using the VAR function with a constant term, and the forecast is performed using
the function predict from the vars package over a 4-year horizon. The urea price is computed by
randomly selecting a year from a 4-year forecast and then using the forecasted value and
confidence intervals for that year to generate a value from a normal distribution based on those

parameters.
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We forecast timber stumpage prices for different product categories using a Vector Error
Correction Model (VECM) after conducting the Johansen cointegration test using the ca.jo
function from the urca package to examine the long-term relationships between timber stumpage
prices. The VECM is then converted into a Vector Autoregressive (VAR) model representation.
We use results from the VAR and VECM regressions to forecast prices over a four-year (16 year
quarter) horizon using the vec2var function from the vars package (Pfaff and Stigler, 2024).
Price volatility for sawtimber, chip and saw, and pulpwood is computed by randomly selecting a
year from a 4-year forecast, then using the forecasted mean values and confidence intervals to
simultaneously generate a value using a normal distribution for each product.

The inputs for the NPV and Monte Carlo simulations include regular cash flows, both
deterministic and stochastic, as described above. Stumpage prices at thinning and clear-cut were
assumed to be the same. The scenarios include a combination of two site indices (26 m and 20
m), herbicide application, fertilizer treatments, and thinning regimes. One scenario excludes
fertilizer application but still accounts for fertilizer costs to simulate a case with no fertilizer
response at a site index of 26 m, emulating a possible lack of response as observed in Chapter 2.

To investigate the effect of each analyzed variable in an NPV model, we identify the
parameters most critical for estimating financial returns using Monte Carlo simulation cash
flows. NPV is estimated as a linear function of timber and fertilizer prices based on these
simulation results. Only sawtimber, chip-n-saw, pulpwood, and fertilizer prices are analyzed,

with the importance of each variable determined by its corresponding coefficient:

NPV = Sawtimber price + Chip n saw price + pulpwood price + urea price. (4.5)
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To evaluate the efficiency of the investment and compare it with other studies, we used
the mean NPV cash flow for each scenario to calculate the IRR using the uniroot() function in R
and then compare the estimated (mean) IRR for each silvicultural regime with reported values in

the literature.

4.3.2. Carbon Methods

In addition to financial performance, LOBDSS simulations provide estimates of total
biomass as the sum of the biomass from the stem, branches, coarse roots, fine roots, coarse
woody debris, and foliage. We estimate carbon storage for each simulation using a conversion
coefficient of 47% grams of carbon per gram of biomass (Zhao et al., 2014).

To calculate the potential marginal abatement costs (MACS) of additional carbon
sequestration associated with different management interventions (harvest deferrals and input use
intensification), we use LobDSS estimates and deterministic NPV projections for each scenario.
Specifically, for MAC estimates, we compute NPV as a single cash flow analysis without
accounting for timber and fertilizer price variations, using, the mean value of the forecasted price
vector for each timber product and urea over 4 years is used in this analysis. To investigate the
opportunity cost of delaying harvesting past the optimal NPV, break-even prices per ton and
carbon mitigation quantities are calculated for each scenario for up to 5 years after the optimal
NPV as:

NPV, — NPV,
~ Carbon,,; — Carbon;

$
MAC of extended rotation (ton) (4.6)

tons
Carbon Mitigation from extended rotation < ) = Carbon;,; — Carbon; (4.7)

hectare
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Where MAC stands for the marginal abatement cost,

NPV; is the maximum NPV ($/hectare) in the year i,

NPV, is the NPV ($/hectare) in the year i + j,

Carbon; is the carbon (tons/hectare) the year of maximum NPV (i)
Carbon,, j is the carbon (tons/hectare) in the year i + j.

To calculate marginal abatement costs associated with intensification, we apply the same

formula but instead compare carbon accumulation at the optimal harvest point for the less

intensive regime (e.g., NT NF NH) to an intensified regime (T F H) for the optimal rotation of

the less intensive silvicultural regime.

Ton

$
MAC asociated with intensification <— =

NPV intesive rot; — NPV base rot,

4.8
Carbon intensive rot, — Carbon base rot, (4.8)
. s e tons
Carbon mtigation with intensification (—) =
hectare
Carbon intensive rot , — Carbon base rot,, (4.9)

Where b is the year of maximum NPV of the base rotation,
i is the year of maximum NPV of a silviculture intensive rotation,

NPV intesive rot ; is the maximum NPV ($/hectare) of an intensive rotation in the year

NPV base rot, is the maximum NPV of the base rotation in the year b,

Carbon intensive rot, is the carbon of a carbon intensive rotation in b.
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4.4. Results

4.4.1. Urea and Timber Prices Forecasting

Urea prices reached a historical maximum in our time series of $1,025 per metric ton in
the third quarter of 2008, with an average price of $399 per metric ton and a minimum value of
$218 in the second quarter of 2004. The last recorded price in our time series was $925 per
metric ton in the second quarter of 2022. Similarly, oil prices reached a historical maximum of
$168 per barrel in the second quarter of 2008, with an average price of $90 and a minimum of
$31 in the second quarter of 2020. The last recorded price was $101 per barrel in the second
quarter of 2022 (Figure 4.1). Relatively higher prices in our projections starting point (2022)
were driven, in part, by distorted market conditions and supply chain lags following the COVID-
19 pandemic.

For urea and crude oil, the Johansen cointegration test did not indicate cointegration at
the level where the null hypothesis r = 0. The test statistic of 10.40 did not exceed the 5% critical
value of 14.90. This result suggests that there is no strong evidence of cointegration between
urea and crude oil West Texas Intermediate (WT]I) prices. The Augmented Dickey-Fuller (ADF)
test returned a p-value of 0.001, indicating that the time series is stationary. The forecast derived
from the VAR model in levels projects a urea price of $842 per metric ton in 2023, followed by a
steady decline to $460 per metric ton by 2026, with a corresponding cost ranging between $417
and $228 when applying 0.496 metric tons per hectare of urea. Prediction intervals are placed
around forecasted values (Figure 4.1. Urea price forecasting using the VAR model based on a
time series of urea and crude oil ITW prices (World Bank, 2025). Darker shades represent
narrower intervals (e.g., 50% confidence), lighter shades represent wider intervals (e.g., 80% or

95% confidence), indicating greater uncertainty.).
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Figure 4.1. Urea price forecasting using the VAR model based on a time series of urea and crude
oil ITW prices (World Bank, 2025). Darker shades represent narrower intervals (e.g., 50%
confidence), lighter shades represent wider intervals (e.g., 80% or 95% confidence), indicating

greater uncertainty.

Loblolly pine sawtimber prices reached a historical maximum of $61 per US ton in the
last quarter of 2004 and a historical minimum of $25 per US ton in the third quarter of 2020,
with an average price of $37. In the first quarter of 2022, the price was $28 per US ton.
Similarly, chip-n-saw timber reached its historical maximum in the first quarter of 2005 and a
historical minimum of $17 in the second quarter of 2020, with an overall average price of $23. In

the first quarter of 2022, the price was $22 per US ton. Meanwhile, pulpwood prices peaked in
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the first quarter of 2016 and hit their lowest point in the third quarter of 2009, with the most

recent recorded price at $11 per US ton (Figure 4.2).

The Johansen cointegration test indicated cointegration at the level where the null
hypothesis r = 0. The test statistic of 25.49 exceeded the 5% critical value of 21.07, confirming
the presence of cointegration among different timber products. Consequently, the VECM-derived
forecasting results predict that sawtimber prices will start at $28 per US ton in 2023, reach a
maximum value of $29 in 2023, and then decline to $27 by the end of 2026. Chip-n-saw timber
prices are expected to start at $22 per US ton, peak at $22 in 2024, and decline to $20 by the end
of 2026. Last of all, pulpwood prices are projected to decline, starting at $11 in 2023 and

decreasing to $8 by 2026 (Figure 4.2).
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Figure 4.2. Timber price (CPI adjusted) forecast results using VECM based on time series data
from Timber Mart-South (TimberMart-South (TMS), 2024). Darker shades represent narrower
intervals (e.g., 50% confidence), lighter shades represent wider intervals (e.g., 80% or 95%

confidence), indicating greater uncertainty.

4.4.2. Financial Outputs
To project NPV, we consider the costs and benefits of silvicultural operations and
removals at the point in the simulation horizon at which they are expected to occur. However, the

optimal rotation for final clear cut is assumed to take place at the point with the highest mean
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NPV for each silvicultural scenario. This allows a direct comparison of financial performance
and optimal rotations strategies across the site productivity and management prescriptions.

The highest NPV outputs were found in the highest (26 m) site index. Within this site
index, the highest average simulated NPV values occur under the no-thinning and herbicide
scenarios, with the NT, NF, H scenario having the highest NPV at $1,063 per hectare, followed
by NT, F, H at $1,051 per hectare and NT, NF at $937 per hectare.

Similarly, within the 26 m site index, the lowest mean NPVs is found in thinned
scenarios without herbicide application, with T, F and T, NF at $780 and $7689 per hectare,
respectively. The lowest overall values in this site index were observed in scenarios considering
fertilizer application and leaching/volatilization, with T, NF, FC and T, NF, FC, H at $653 and
$558 per hectare, respectively. In the thinned scenarios within the 26 m site index, fertilizer
application reduce the mean NPV by $35 per hectare compared to scenario counterparts without
fertilizer. Additionally, herbicide application for hardwood and weed control increased the
maximum NPV by an average of $127 per hectare.

In the 20 m site index, the lack of hardwood and weed control decreased NPV by an
average of $75 per hectare compared to scenarios with herbicide application, resulting in
negative NPV values for all scenarios without herbicide. Among scenarios with herbicide
application, the highest NPV was $79 per hectare in the thinned and non-fertilized simulation,
followed by the non-thinned and non-fertilized scenario at $57 per hectare, the thinned and
fertilized scenario at $48 per hectare, and lastly, the non-thinned but fertilized scenario at -$4 per
hectare, where the response to fertilizer did not offset the cost of its application (Table 4.3).

Furthermore, in both site indices, the T, F, H scenario resulted in a shorter optimal

rotation age (25 years for the 26 m site index and 27 years for the 20 m site index), followed by
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T, Fand NT, F scenarios, which had optimal rotation ages of 26 years for the 26 m site index and
28 years for the 20 m site index. The 20 m site index had the longest rotation ages with up to 37
years in the NT, NF scenario. The application of herbicide for hardwoods and weeds control in
both site indices shortened the optimal rotation age by one year in all scenarios, except for the
thinned but not fertilized scenarios, where the optimal rotation ages remained the same,
regardless of herbicide application (Figure 4.3). Application of herbicide only increased rotation
age in the NT, F in the 20 m site index. Overall, thinning reduces rotation age between 4 and 6
years. These results are consistent with additional sensitivity analysis conducted for a 23 m site

index (results reported in the supplemental appendix).

Table 4.3. Mean NPV results derived from LobDSS simulations

Optimal Optimal
Rotation Age | Rotation Age
Mean NPV inSI26 | MeanNPVinSi20 | atSiteIndex | atSite Index
Scenario ($/hectare) ($/hectare) 26 20m
NT, F 879 -80 31 32
NT,F, |1050.85 -4 30 33
H
NT, NF | 937 -14 32 37
NT, NF, | 1063 54 31 36
H
TF 780 -25 26 28
T,F,H | 906 48 25 27
T, NF 759 -5 28 31
T,NF, |875 80 28 31
H
T,NF, |558 28
FC
T,NF, | 653 28
FC, H
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4.4.2.1. Mean Variance Frontiers

In the 26 m site index, the NT, F, H; and NT, NF, H scenarios exhibit the highest
variance. Additionally, no-thinning scenarios show greater NPV variance than thinned scenarios
with similar characteristics. Likewise, fertilized scenarios demonstrate higher variance compared
to non-fertilized scenarios. The NPV variance associated with herbicide application consistently
exceeds that of the corresponding scenarios without herbicide in this site index (Figure 4.4).

Unlike the 26 m site index, where the scenarios with the highest NPV showed the greatest
variance, in the 20 m site index, scenario T, NF, H had the highest NPV alongside the lowest
variance among scenarios with a positive NPV.

Overall, herbicide application tends to be associated with a higher NPV, but also with
greater variance in the higher productivity site. However, this is not always the case for the lower
productivity site (Figure 4.4).

In general, intensification (thinning, additional input use) increases expected returns but
can also increase the variance in those returns as a more intensive production system is subject to

increased market volatility for fertilizer inputs and near-term returns from thinning.
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4.4.2.2. Variable Importance

Figure 4.5 shows how regardless of the scenario, urea prices were the least important
variable in the NPV calculations. Across all scenarios in the 26 m site index, sawtimber prices
were the most important variable for calculating NPV. This is more evident in no-thinning
scenarios, where the importance (The values were calculated as the slopes from a linear
regression in which NPV was the dependent variable and the stochastic variables were the
independent variables) assigned to sawtimber prices were above 0.6. In contrast, all other timber
prices and urea prices had slopes below 0.50. Furthermore, in thinned scenarios within the 26 m
site index, pulpwood prices were the second most important variable, closely followed by chip-
and-saw prices.

There is no marked difference in variable importance between herbicide and non-
herbicide scenarios in both productivity sites, except in the 20 m site index inthe T, F; NT, F;
and T, NF, H scenarios. In these cases, the sawtimber price shifts from being the most important
variable in the herbicide scenario to the least important in the non-herbicide scenario, where
pulpwood becomes the most important variable due to timber proportions. Most no-thinning
scenarios in the 20 m site index had sawtimber prices as the most important variable, closely
followed by chip-and-saw prices. In contrast, in the thinned scenarios in this low productivity
site, chip-and-saw prices and pulpwood prices were nearly equally important, driven by shorter

associated rotations and a higher proportion of pulpwood and chip-and-saw at final harvest.
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Figure 4.5. Tornado graph with variable importance coefficients by investment scenario for peak

NPV.

4.4.2.3. IRR Calculations

The 26 m Sl had the highest IRR ranges from 6.49% to 7.48%, with the highest IRR

observed in the scenario involving thinning, fertilization, and herbicide application (T, F, H).

Other scenarios, including combinations of thinning and no thinning treatments with and without

fertilization and herbicide application, also show similar IRR values, typically ranging from
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6.72% to 7.16%. The 20 m Sl had a lower IRR, ranging from 4.81% to 5.24%. The scenarios

involving thinning treatments with or without herbicide application and fertilization treatments
have IRRs between 4.81% and 5.24%. The highest IRR for SI 20 m is found in the scenario with
thinning, no fertilization, and herbicide application (T, NF, H), showing an IRR of 5.24% (Table

4.4).

Table 4.4. Internal rate of return (IRR) by scenario is calculated at the final harvest period.

IRR
Scenario (%)
SI 26, NT, F 6.79
S126, NT,F, H 7.05
S1 26, NT, NF 6.93
S126, NT, H 7.16
SI126,T,F 7.14
SI126,T,F,H 7.48
S126, T, NF 7.10

SI126, T, NF, FC 6.49
SI26, T,NF, FC,H |6.72

SI26, T, NF, H 7.31
SI1 20, NT, NF 4.81
SI 20, NT, NF, H 5.00
SI 20, NT, NF 4.97
SI120, NT, NF, H 5.11
SI20, T, F 4.96
SI20,T,F, H 5.12
S120, T, NF 4.94
SI20, T,NF, H 5.24

4.4.3. Carbon Outputs and Marginal Abatement Costs of Extended Rotations and
Intensification
Figure 4.6 shows carbon accumulation (storage) for each silvicultural scenario using the

LobDSS simulation outputs. Herbicide scenarios always accumulate more carbon than their non-
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herbicide counterparts, regardless of thinning or fertilization treatment. This difference is more
pronounced in scenarios without thinning, averaging 8.45 tons per hectare in site index 26 m
scenarios and 6.7 tons per hectare in site index 20 m scenarios, measured at the optimal rotation
year for each herbicide scenario relative to its non-herbicide counterpart. On the other hand,
thinned and herbicide-treated scenarios in both productivity sites had an average carbon storage
of 3.2 tons per hectare more than thinned and non-herbicide scenarios.

Additionally, fertilization accelerates carbon storage compared to scenarios without
fertilizer application, with an average of 9.9 additional tons per hectare across both productivity
sites when compared within the same year measured at the optimal rotation year for each
fertilized scenario relative to its non-fertilized counterpart. However, since fertilization shortens
the optimal rotation and hence storage duration, non-fertilized scenarios accumulate more carbon
over the course of longer rotation periods. Scenarios with a site index of 26 m store more carbon
than those with a site index of 20 m, with an average of 34.5 tons per hectare measured at the
optimal rotation year of each 26 m site index scenario relative to its 20 m site index counterpart.
The only scenario that can match the lowest carbon storage in the site index 26 m, thinned, and

non-fertilized scenario is the site index 20 m, non-thinned, and fertilized scenario.
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Figure 4.6. Carbon sequestration (tons per hectare) over time for different scenarios. Dots
represent carbon sequestration up to the optimal harvest year, while triangles represent carbon
sequestration beyond the optimal harvest year. SI 26 and Sl 20 denote site indices of 26 and 20 m,
respectively, while T, NT, F, and NF represent scenarios with thinning, no thinning, fertilizer, and no

fertilizer, respectively.

Breakeven carbon price incentives needed to compensate for reduced NPV under
alternative rotational and silvicultural strategies are summarized in Figure 4.7 and Figure 4.8.
Breakeven carbon prices, or the hypothetical payment needed to incentivize a change in
management strategy that deviates from the optimal NPV, is a commonly used techno-economic
metric for reflecting marginal abatement costs for forestry and agricultural GHG mitigation

strategies (Environmental Protection Agency, Office of Atmospheric Protection, 2024; U.S.
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Environmental Protection Agency, Office of Atmospheric Programs, 2013). The breakeven price
per ton of carbon is higher in high-productivity scenarios than in low-productivity scenarios.
While most scenarios can mitigate a similar amount of carbon over the five-year period
following the optimal harvesting year, differences occur between the two base productivity
scenarios. The mean mitigation in the low-productivity scenario (site index 20 m) is 3.0 tons per
hectare in the first year and 15.0 tons per hectare after five years. In contrast, the high-
productivity scenario (site index 26 m) has a mean mitigation value of 3.6 tons per hectare in the
first year and 17.8 tons per hectare after five years, indicating a higher marginal opportunity cost
of delayed harvests for higher productivity stands, regardless of optimal rotation length.

The highest breakeven price per ton of carbon needed for longer rotations beyond the
optimal NPV occurs in the high-productivity, non-thinned, fertilized and herbicide scenario,
reaching up to $7.58/ton five years past the optimal NPV year. On the other hand, the lowest
breakeven price is found in the low productivity, thinned, non-fertilized scenario, with a
minimum of $0.28 per ton in the first year and $2.25 per ton after five years in the 20 m SI,
thinned and non-fertilized scenario. There is a general tendency for breakeven prices to increase
in all scenarios over the years following the optimal NPV year. However, this trend can vary due
to price fluctuations and product transitions over time (e.g., pulpwood shifting to sawtimber).
The mean breakeven price per ton across all years is higher in fertilized scenarios compared to
non-fertilized scenarios with the same characteristics ($2.26/ton in the high-productivity site vs.
$0.69/ton in the low-productivity simulations). The herbicide scenarios had a higher break-even
price (mean value of 1.1 in the low productivity site and 0.63 in the high productivity site) than
the non-herbicide scenarios across all years, except for the thinned and fertilized scenario in both

productivity sites, where the mean break-even price is lower in herbicide scenarios.
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In non-thinned scenarios, breakeven prices are also higher than in thinned scenarios
($1.96/ton in the high-productivity site, while the mean value in the low-productivity site is only

$0.06/ton).
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Figure 4.7. Marginal abatement cost for different mitigation scenarios of harvesting deferral after optimal

NPV. From left to right, each dot in the same scenario represents a year after the optimal harvesting year.
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Figure 4.8. Marginal abatement cost associated with the intensification of silviculture.

4.5.  Discussion

This study presents a methodology to incorporate the uncertainty of timber and urea
prices in NPV calculations to assess the risk of forest investment using Monte Carlo simulations
in loblolly pine plantations and its implications in carbon mitigation. Furthermore, it offers the
possibility of analyzing diverse silvicultural treatments across different site index. Our results
suggest that non-thinned scenarios have a higher NPV but also come with greater risk. Fertilized
scenarios exhibit both higher risk and higher NPV compared to non-fertilized scenarios. In all
cases, sawtimber price was the most influential variable in determining NPV, while urea prices
had the least impact. Overall, high-productivity scenarios accumulate more carbon than lower-
productivity ones. Additionally, non-thinned, fertilized scenarios store more carbon than thinned

or non-fertilized counterparts. Similarly, herbicide-treated scenarios store more carbon than
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untreated ones. In general, the breakeven price per ton of carbon required to delay harvesting
beyond the economically optimal NPV is lower in low-productivity sites than in high-
productivity sites.

In high-productivity scenarios, fertilization increases NPV, but the economic benefit
comes with greater risk due to the volatility of timber and fertilizer prices. In contrast, low-
productivity sites experience a decrease in NPV due to low response, high fertilization costs, and
increased variance, making it an unprofitable investment in these scenarios, largely due to the
low value of pulpwood. Similarly, Fox et al. (2007, 2006) found fertilization to be profitable in
high-productivity scenarios but associated with negative NPVs in pulpwood rotations. However,
at the time of their study, urea prices were $225 per ton—significantly lower than our current
and forecasted prices—further marginalizing NPV gains from fertilization in our simulations.

We found that sawtimber prices, followed by pulpwood, chip-and-saw, and urea prices,
are important for calculating NPV in high-productivity scenarios, consistent with Chudy et al
(2020). However, the same study identified biological growth as the most important variable in
return of investments. Uncertainty in biological productivity can significantly affect NPV
(Cubbage et al., 2022; Mei et al., 2013). Furthermore, Chudy et al. (2020) also found that the
volatility of other factors, such as site preparation and planting—used as fixed variables—have
been shown to impact NPV more than pulpwood and chip-and-saw prices. This suggests that
incorporating stochastic variability in these factors would improve the realism of future analyses.
Yet, our approach focuses on forecasting prices rather than adopting a purely stochastic

approach.
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Our analysis suggests that in thinned, high-productivity sites, an increase in NPV may
justify fertilization despite the increased variance and risk. However, in non-thinned, high-
productivity scenarios, the decrease in NPV makes fertilization a less favorable option.

Similarly, herbicide application consistently boosts NPV across all scenarios and may help
mitigate the associated risks, at least in thinned scenarios (Albaugh et al., 2013; Young et al.,
2023). In our analysis, the higher NPV does not come from shorter rotations but rather from
longer rotations.

The risks associated with investment come from timber and fertilizer prices and
biological uncertainty but the allocation of wood in different timber products might reduce the
risk of price uncertainty in longer rotations (Chudy et al., 2020). Additionally, there is the
possibility of a lack of response to fertilization, either due to an already productive site or
fertilizer inefficiency caused by nitrogen volatilization or leaching due to weather conditions
(cite paper 2). Thus, managers must carefully assess the risks associated with different scenarios
and evaluate the trade-offs between marginal gains in NPV and increased risk . Additionally, this
analysis does not account for external risks such as storms, diseases, and fire, yet, shorter
rotations can help mitigate these natural threats (Stanturf et al., 2007; Chudy et al., 2020).

In this regard, we found that the optimal financial rotation age is shorter in most scenarios
with fertilization, which aligns with Martin et al. (1999). Their study also found an increase in
IRR, but the total cost associated with fertilization was lower ($244.04 per hectare, CPI-adjusted)
compared to $161 for application plus the urea price, which ranged between $417 and $228 per
hectare. Additionally, their stumpage prices per metric ton were nearly double the prices we
forecasted, contributing to higher financial returns in their simulations compared to ours.

Furthermore, our estimated IRR is similar results in Chudy et al.,(2020), with their mean internal
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rates of return of 7.33% in high-productivity sites that are similar to our findings with values
between 6.49% and 7.31%. We found that lower productivity sites had lower internal rates of
return (4.81%-5.12%) compared to mid-product in chuddy’s results (5.97%).

This approach analyzes productivity using only timber simulations and price forecasting,
however, spatial explicit site productivity models (Ribas-Costa et al., 2024) can help refine
financial analysis. Moreover, a more detailed financial analysis may include distance to the mills,
tax incentive programs (Ramirez et al., 2020). Other authors have used land expectation value
(LEV) (Mei et al., 2013), however, in this study, we evaluate the financial viability of a single
rotation to allow for flexibility in that optimal rotation age and to assess economic opportunity
costs of extending rotations under different silvicultural scenarios as a carbon sequestration
strategy.

We found that non-thinned high-productivity sites store more carbon. Additionally,
certain silvicultural activities, such as herbicide application and fertilization, further enhance
carbon sequestration (Gonzalez-Benecke et al., 2011; Vogel et al., 2021; Puls et al., 2024b).
However, our carbon summary does not include above ground-nontree biomass which is
sometimes included in carbon pools in improved forest management (IFM) protocols for carbon
sequestration (Haya et al., 2023). Moreover, thinning not only reduces the amount of carbon
stored but also shortens the optimal rotation age which also reduces the total carbon storage of
the stand for a single rotation. However, while longer rotation ages can store more carbon at the
forest (Burkhart et al., 2018; Gonzalez-Benecke et al., 2011; Ontl et al., 2020), shorter rotations
and associated product allocations can outperform longer rotations under certain conditions when

ex situ carbon storage is accounted for (Puls et al., 2024).
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Puls et al. (2024b) found that extending the lifecycle of corrugated boxes might be key to

achieving significant carbon gains, particularly in low-productivity sites. Although high-
productivity sites store more carbon in-situ and ex-situ, the marginal annual carbon storage in
delayed harvesting strategies is nearly identical in both low- and high-productivity scenarios. For
this reason, carbon mitigation might be more economically efficient in low-productivity
scenarios, as the breakeven price for extending rotation ages is lower compared to more
productive sites. Furthermore, if carbon prices rise above the breakeven level, delaying
harvesting and storing carbon beyond the year of optimal NPV could become profitable.

Continuing with this idea, financial and environmental additionality can be achieved for
managed loblolly pine systems under IFM protocols for carbon sequestration (American Carbon
Registry, 2024; Climate Action Reserve, 2023, 2022; VERRA, 2023) via both extended rotations
and management intensification. The VMO0003 methodology for improved forest management
VERRA, 2023) and the CAR-Mexico framework considers extending the rotation beyond the
optimal NPV. CAR-Mexico (Climate Action Reserve, 2022) requires a minimum one-year delay
in rotation as part of a ton-year (Galik et al., 2022; Marland et al., 2024) approach known as
vertical stacking, while VCS adopts a 20-year horizon and other methodologies extend rotation
periods between 40 and 100 years. However, leakage from short-harvest deferrals requires
further research. Additionally, most methodologies cited above account for carbon stored in
harvested wood products, and soil carbon is often included, contributing to both financial and
environmental additionality(Haya et al., 2023), which are not included in our analysis. Some
studies that incorporate dead organic matter as part of carbon accounting to determine the
optimal rotation age often find a shorter optimal rotation age (Asante, 2011; Asante and

Armstrong, 2012; Holtsmark et al., 2013).
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Our results provide new estimates of the marginal abatement costs associated with
extending rotations beyond the optimal NPV rotation under future price and input cost
uncertainty. Further, we build on previous literature by also estimating the marginal abatement
costs of intensification using our stylized silvicultural scenarios. Intensification of planted pine
systems is currently neglected as a potential source of carbon offsets, but our results indicate that
a combination of intensification and alternative rotations can yield low-cost, additional carbon
benefits. New methodologies, such as VM0045 (Forest Management) use a dynamic baseline
approach to changes in carbon sequestration relative to neighboring plots with similar age class
structure, which could be ideal for incentivizing additional carbon sequestration from planted

pine systems through advanced silviculture.

45.1. Limitations and Future Directions

Future work should incorporate biological uncertainty, more research is needed to refine
growth and yield models to better capture responses to silvicultural activities such as
fertilization, herbicide application, and site preparation, along with their interactions on different
sites. Furthermore, the effect of the discount rate and its impact on NPV and break-even prices
should also be analyzed, especially under increased risk associated with natural events.

Our analysis does not incorporate carbon pools, soil organic matter, life cycle product
assessment, above-ground non-tree biomass, or emissions associated with silvicultural and
transport activities. However, there appears to be an opportunity for carbon mitigation in low-
productivity sites, particularly considering the boost in carbon storage following fertilizer and

herbicide application and the low break-even prices of harvesting deferral as a carbon strategy.
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4.6.  Conclusions

This study presents a novel integration of market uncertainty into forest investment
analysis using Monte Carlo simulations. The framework captures the financial risk of price
volatility in loblolly pine and urea, and it enables comparing across diverse site productivities,
silvicultural operations, providing a tool for investment analysis and carbon mitigation.

The financial analysis shows higher NPVs in non-thinned scenarios but with greater risk,
while fertilization increases NPV in high-productivity scenarios but also increases risk.
Herbicide applications, on the other hand, increase NPV while mitigating risk. Sawtimber price
volatility appears to be the most influential factor affecting NPV, whereas urea prices have a
minor impact among the stochastic variables analyzed. Low-productivity sites may offer cost-
effective carbon mitigation due to lower break-even carbon prices, although high abatement

costs make high-productivity sites unsuitable for harvest deferral.
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CHAPTER 5: Conclusions

This dissertation highlights the potential of advanced remote sensing technologies,
particularly airborne LiDAR systems, for characterizing forest structure and informing site-
specific forest management decisions. The integration of high-resolution LIDAR data, even at
relatively modest pulse densities, is effective in delineating total forest stands and capturing fine-
scale variability in forest structure. The analysis features the significant roles that
microtopography and soil conditions play in influencing forest growth dynamics. These physical
attributes, often underrepresented in traditional forest inventory methods, were shown to
significantly alter site index estimates when incorporated into a weighted approach. Thus, forest
managers are encouraged to integrate soil and microtopographic variability into their decision-
making frameworks to enhance the precision of site quality assessments and reduce potential
biases, particularly in heterogeneous landscapes.

The study also explores the use of satellite and LiDAR-derived metrics to support
silvicultural interventions such as herbicide and fertilizer applications. These remote sensing
tools, with their capacity for high spatial and temporal resolution, offer a cost-efficient means to
monitor landscape-scale variability in vegetation competition and site nutrient status.
Nevertheless, the economic and operational feasibility of such interventions must be
contemplated carefully. Fertilization, while capable of increasing productivity, requires
significant financial investment and presents an increased risk in low productivity stands.

A novel component of this work is the incorporation of market uncertainty into
silvicultural investment analysis through Monte Carlo simulations. This framework allows for a
more realistic assessment of financial outcomes by accounting for stochastic variability in timber

and input prices. Results reveal that fertilization improves NPV in high-productivity stands at the
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cost of increased volatility. Herbicide application, on the other hand, provides both productivity
gains and risk mitigation. The analysis further identifies sawtimber price volatility as the most
critical determinant of financial returns.

The study reveals that low-productivity sites, while less profitable in traditional terms,
may represent more viable opportunities for cost-effective carbon mitigation under current
market structures. These findings are particularly relevant in the context of climate-smart
forestry and suggest that forest management strategies should be designed not only to biological
productivity but also to economic and environmental goals.

Overall, this dissertation demonstrates the utility of remote sensing technologies and
advanced economic modeling in enhancing forest management practices. It promotes spatial
analysis and the integration of biophysical site characteristics, remote sensing-derived data, and
market-based risk assessments to support more informed, adaptive, and resilient forestry

investments.



113
REFERENCES

Albaugh, T., Fox, T., Allen, H., Rubilar, R., 2015. Juvenile Southern Pine Response to
Fertilization Is Influenced by Soil Drainage and Texture. Forests 6, 2799-28109.
https://doi.org/10.3390/f6082799

Albaugh, T.J., Albaugh, J.M., Carter, D.R., Cook, R.L., Cohrs, C.W., Rubilar, R.A., Campoe,
0.C., 2021. Duration of response to nitrogen and phosphorus applications in mid-rotation
Pinus taeda. Forest ecology and management 498, 119578.
https://doi.org/10.1016/j.foreco.2021.119578

Albaugh, T.J., Allen, H.L., Zutter, B.R., Quicke, H.E., 2003. Vegetation control and fertilization
in midrotation Pinus taeda stands in the southeastern United States. Annals of forest
science. 60.

Albaugh, T.J., Fox, T.R., Blinn, C.E., Allen, H.L., Rubilar, R.A., Stape, J.L., 2013. Developing a
New Foliar Nutrient-Based Method to Predict Response to Competing Vegetation
Control in Pinus taeda. Southern Journal of Applied Forestry 37, 196.
https://doi.org/10.5849/sjaf.12-025

Albaugh, T.J., Fox, T.R., Cook, R.L., Raymond, J.E., Rubilar, R.A., Campoe, O.C., 2019. Forest
Fertilizer Applications in the Southeastern United States from 1969 to 2016.

Albaugh, T.J.,, Fox, T.R., Rubilar, R.A., Cook, R.L., Amateis, R.L., Burkhart, H.E., 2017. Post-
thinning density and fertilization affect Pinus taeda stand and individual tree growth.
Forest Ecology and Management 396, 207-216.
https://doi.org/10.1016/j.foreco.2017.04.030

Albaugh, T.J., Stape, J.L., Fox, T.R., Rubilar, R.A., Allen, H.L., 2012. Mid-rotation vegetation
control and fertilization response in Pinus taeda and Pinus elliottii across the southeastern
United State. Southern Journal of Applied Forestry 36, 44-53.
https://doi.org/10.5849/sjaf.10-042



114

Amacher, G., Ollikainen, M., Koskela, E.A., 2009. Economics of forest resources, 1st ed. The
MIT Press, Cambridge.

Amateis, R.L., Liu, J., Ducey, M.J., Allen, H.L., 2000. Modeling Response to Midrotation
Nitrogen and Phosphorus Fertilization in Loblolly Pine Plantations. Southern journal of
applied forestry 24, 207-212. https://doi.org/10.1093/sjaf/24.4.207

American Carbon Registry, 2024. Methodology for the quantification, monitoring, reporting and
verification of greenhouse gas emission reductions and removals from improved forest
management on non-federal U.S. forestlands.

Asante, P., 2011. Carbon Sequestration and the Optimal Economic Harvest Decision (Doctor of
Philosophy). University of Alberta, Edmonton, Alberta.

Asante, P., Armstrong, G.W., 2012. Optimal forest harvest age considering carbon sequestration
in multiple carbon pools: A comparative statics analysis. JFE 18, 145-156.
https://doi.org/10.1016/j.jfe.2011.12.002

Austin, K.G., Baker, J.S., Sohngen, B.L., Wade, C.M., Daigneault, A., Ohrel, S.B., Ragnauth, S.,
Bean, A., 2020. The economic costs of planting, preserving, and managing the world’s
forests to mitigate climate change. Nat Commun 11, 5946.
https://doi.org/10.1038/s41467-020-19578-z

Babula, R.A., Somwaru, A., 1992. Dynamic impacts of a shock in crude oil price on agricultural
chemical and fertilizer prices. Agribusiness 8, 243—-252. https://doi.org/10.1002/1520-
6297(199205)8:3<243::AID-AGR2720080305>3.0.CO;2-K

Bailey, R.L., Borders, B.E., Ware, K.D., Jones, E.P.J., 1985. A compatible model relating slash
plantation survival to density, age, site index, and type and intensity of thinning. Forest
science 31.

Becking, J.H., 1953. Thinning research in forestry. Netherlands Journal of Agricultural Science
1, 122-129. https://doi.org/10.18174/njas.v1i2.17877



115

Bettinger, P., Boston, K., Siry, J.P., Grebner, D.L., 2017. Forest management and planning, 2nd
ed. ed. Academic Press, San Diego.

Binkley, D., Laclau, J.-P., Sterba, H., 2013. Why one tree grows faster than another: Patterns of
light use and light use efficiency at the scale of individual trees and stands. Forest
Ecology and Management 288, 1-4. https://doi.org/10.1016/j.foreco.2012.08.009

Blinn, C.E., Albaugh, T.J., Fox, T.R., Wynne, R.H., Stape, J.L., Rubilar, R.A., Allen, H.L., 2012.
A Method for Estimating Deciduous Competition in Pine Stands Using Landsat. Southern
Journal of Applied Forestry 36, 71. https://doi.org/10.5849/sjaf.10-034

Borders, B.E., Bailey, R.L., 2001. Loblolly Pine—Pushing the Limits of Growth. Southern
Journal of Applied Forestry 25, 69—74. https://doi.org/10.1093/sjaf/25.2.69

Borders, B.E., Will, R.E., Markewitz, D., Clark, A., Hendrick, R., Teskey, R.O., Zhang, Y.,
2004. Effect of complete competition control and annual fertilization on stem growth and
canopy relations for a chronosequence of loblolly pine plantations in the lower coastal
plain of Georgia. Forest ecology and management 192, 21-37.
https://doi.org/10.1016/j.foreco.2004.01.003

Brach, M., Chormanski, J., 2014. Terrestrial Laser Scanning (TLS) as a detection method of the
natural river valley microtopography — case study of the Upper Biebrza. Annals of
Warsaw University of Life Sciences, Land Reclamation. https://doi.org/10.1515/sggw-
2015-0001

Bravo-Oviedo, A., Tomé, M., Bravo, F., Montero, G., Rio, M. del, 2008. Dominant height
growth equations including site attributes in the generalized algebraic difference
approach. Canadian Journal of Forest Research 38, 2348—-2358.
https://doi.org/10.1139/X08-077

Burkhart, H.E., Brooks, E.B., Dinon-Aldridge, H., Sabatia, C.O., Gyawali, N., Wynne, R.H.,
Thomas, V.A., 2018. Regional Simulations of Loblolly Pine Productivity with CO2
Enrichment and Changing Climate Scenarios. Forest Science 64, 349-357.
https://doi.org/10.1093/forsci/fxy008



116

Burkhart, H.E., Tomé, M., 2012. Modeling Forest Trees and Stands, 1st ed. Springer
Netherlands, Dordrecht. https://doi.org/10.1007/978-90-481-3170-9

Cameron, K.C., Di, H.J., Moir, J.L., 2013. Nitrogen losses from the soil/plant system: a review.
Annals of Applied Biology 162, 145-173. https://doi.org/10.1111/aab.12014

Carlson, C.A., Burkhart, H.E., Allen, H.L., Fox, T.R., 2008. Absolute and relative changes in
tree growth rates and changes to the stand diameter distribution of Pinus taeda as a result
of midrotation fertilizer applications. Canadian Journal of Forest Research.
https://doi.org/10.1139/x08-050

Center (LaRC), N.L.R., 2022. NASA Prediction of Worldwide Energy Resource (POWER).

Chen, P., Chang, C., Chen, C., McAleer, M., 2012. Modelling the effects of oil prices on global
fertilizer prices and volatility. Journal of risk and financial management 5, 78-114.
https://doi.org/10.3390/jrfm5010078

Chudy, K.A,, Silva, B.K.D., Cubbage, F.W., Rubilar, R., Lord, R., 2020. Profitability and risk
sources in global timberland investments. Forest Policy and Economics 111.
https://doi.org/10.1016/j.forpol.2019.102037

Climate Action Reserve, 2023. U.S. Forest Protocol.

Climate Action Reserve, 2022. Mexico Forest Protocol.

Cohrs, C.W., 2022. Optimizing Pine Plantation Management Via Geospatial Data Science (PhD
Thesis).

Cohrs, C.W., Cook, R.L., Gray, J.M., Albaugh, T.J., 2020. Sentinel-2 Leaf Area Index
Estimation for Pine Plantations in the Southeastern United States. Remote Sensing 12.
https://doi.org/10.3390/rs12091406



117

Cook, R., Fox, T.R., Allen, H.L., Cohrs, C.W., Ribas-Costa, V., Trlica, A., Ricker, M., Carter,
D.R., Rubilar, R., Campoe, O., Albaugh, T.J., Kleto, P., O’brien, E., Mceachern, K.,
2024. Forest soil classification for intensive pine plantation management: “Site

Productivity Optimization for Trees” system. Forest Ecology and Management 556.
https://doi.org/10.1016/j.foreco.2024.121732

Corbane, C., Politis, P., Kempeneers, P., Simonetti, D., Soille, P., Burger, A., Pesaresi, M., Sabo,
F., Syrris, V., Kemper, T., 2020. A global cloud free pixel- based image composite from
Sentinel-2 data. Data in Brief 31, 105737. https://doi.org/10.1016/j.dib.2020.105737

Corrao, M.V., Sparks, A.M., Smith, A.M.S., 2022. A Conventional Cruise and Felled-Tree
Validation of Individual Tree Diameter, Height and VVolume Derived from Airborne
Laser Scanning Data of a Loblolly Pine (P. taeda) Stand in Eastern Texas. Remote
Sensing 14. https://doi.org/10.3390/rs14112567

Crookston, N.L., Rehfeldt, G.E., Dixon, G.E., Weiskittel, A.R., 2010. Addressing climate change
in the forest vegetation simulator to assess impacts on landscape forest dynamics. Forest
ecology and management 260, 1198-1211. https://doi.org/10.1016/j.foreco.2010.07.013

Cubbage, F., Rubilar, R., Mac Donagh, P., Kanieski Da Silva, B., Bussoni, A., Morales, V.,
Balmelli, G., Vitor Afonso Hoeflich, Lord, R., Hernandez, C., Zhang, P., Ha Tran Thi
Thu, Yao, R., Hall, P., Korhonen, J., Luis Diaz-Balteiro, Roque Rodriguez-Soalleiro,
Davis, R., Chudy, R., De La Torre, R., Lopera, G., Somvang Phimmavong, Garzon, S.,
Cubas-Baez, A., 2022. Comparative global timber investment costs, returns, and
applications, 2020. J.For.Bus.Res. 1, 90-121. https://doi.org/10.62320/jfbr.v1i1.16

Da Silva, E.V., Bouillet, J.-P., De Moraes Gongalves, J.L., Junior, C.H.A., Trivelin, P.C.O.,
Hinsinger, P., Jourdan, C., Nouvellon, Y., Stape, J.L., Laclau, J.-P., 2011. Functional
specialization of Eucalyptus fine roots: contrasting potential uptake rates for nitrogen,
potassium and calcium tracers at varying soil depths: Functional specialization of
Eucalyptus fine roots. Functional Ecology 25, 996-1006. https://doi.org/10.1111/j.1365-
2435.2011.01867.x

Dash, J., Pont, D., Brownlie, R., Dunningham, A., Watt, M., Pearse, G., 2016. Remote sensing
for precision forestry. New Zealand Journal of Forestry 60, 15-24.



118

De Reu, J., Bourgeois, J., Bats, M., Zwertvaegher, A., Gelorini, V., De Smedt, P., Chu, W.,
Antrop, M., De Maeyer, P., Finke, P., Van Meirvenne, M., Verniers, J., Crombé, P.,
2013. Application of the topographic position index to heterogeneous landscapes.
Geomorphology 186, 39—49. https://doi.org/10.1016/j.geomorph.2012.12.015

Dickey, D.A., Fuller, W.A., 1979. Distribution of the Estimators for Autoregressive Time Series
with a Unit Root. Journal of the American Statistical Association 74, 427—-431.
https://doi.org/10.1080/01621459.1979.10482531

Dieguez-Aranda, U., Burkhart, H.E., Amateis, R.L., 2006. Dynamic site model for loblolly pine
(Pinus taeda L.) plantations in the United States. Forest science 52, 262-272.

Dunnett, C.W., 1955. A Multiple Comparison Procedure for Comparing Several Treatments with
a Control. Journal of the American Statistical Association 50, 1096-1121.
https://doi.org/10.1080/01621459.1955.10501294

Environmental Protection Agency, Office of Atmospheric Protection, 2024. Greenhouse Gasn
Mitigation Potential in the U.S. Forestry and Agriculture Sector (No. EPA 430-R-23-
004). Washington, DC.

Evans, J.S., Murphy, M.A., 2021. spatialEco. Spatial Analysis and Modeling with Ecological
Data.

Fisher, R.F., Garbett, W.S., 1980. Response of Semimature Slash and Loblolly Pine Plantations
to Fertilization with Nitrogen and Phosphorus. Soil Science Soc of Amer J 44, 850-854.
https://doi.org/10.2136/ss5aj1980.03615995004400040039x

Forest Nutrition Cooperative, 2001. Four-Year Responses of Loblolly and Slash Pine Plantations
to Midrotation Fertilization and Vegetation Control (No. 47). NORTH CAROLINA
STATE FOREST NUTRITION COOPERATIVE (NCSFNC), Raleigh, NC.

Fox, T.R., Allen, H.L., Albaugh, T.J., Rubilar, R., Carlson, C.A., 2006. Forest fertilization in
southern pine plantations. Better Crops 90, 12-15.



119

Fox, T.R., Lee Allen, H., Albaugh, T.J., Rubilar, R., Carlson, C.A., 2007. Tree Nutrition and
Forest Fertilization of Pine Plantations in the Southern United States. Southern Journal of
Applied Forestry 31, 5-11. https://doi.org/10.1093/sjaf/31.1.5

Galik, C.S., Baker, J.S., Daigneault, A., Latta, G., 2022. Crediting temporary forest carbon:
Retrospective and empirical perspectives on accounting options. Front. For. Glob.
Change 5, 933020. https://doi.org/10.3389/ffgc.2022.933020

Garcia, O., Batho, A., 2005. Top Height Estimation in Lodgepole Pine Sample Plots. Western
journal of applied forestry 20, 64—68. https://doi.org/10.1093/wjaf/20.1.64

Gonzalez-Benecke, C.A., Fernandez, M.P., Gayoso, J., Pincheira, M., Wightman, M.G., 2022.
Using Tree Height, Crown Area and Stand-Level Parameters to Estimate Tree Diameter,
Volume, and Biomass of Pinus radiata, Eucalyptus globulus and Eucalyptus nitens.
Forests 13. https://doi.org/10.3390/f13122043

Gonzalez-Benecke, C.A., Martin, T.A,, Jokela, E.J., Torre, R.D.L., 2011. A Flexible Hybrid
Model of Life Cycle Carbon Balance for Loblolly Pine (Pinus taeda L.) Management
Systems. Forests 2, 749-776. https://doi.org/10.3390/f2030749

Gopalakrishnan, R., Kauffman, J., Fagan, M., Coulston, J., Thomas, V., Wynne, R., Fox, T.,
Quirino, V., 2019. Creating Landscape-Scale Site Index Maps for the Southeastern US Is
Possible with Airborne LIDAR and Landsat Imagery. Forests 10, 234.
https://doi.org/10.3390/f10030234

Hart, H.M.J., 1928. Stamtal en dunning : een oriénteerend onderzoek naar de beste plantwijdte en
dunningswijze voor den djati. Veenman & Zonen.

Hasenauer, H., Burkhart, H.E., Amateis, R.L., 1997. Basal area development in thinned and
unthinned loblolly pine plantations. Canadian journal of forest research 27, 265-271.
https://doi.org/10.1139/x96-163

Haya, B.K., Evans, S., Brown, L., Bukoski, J., Butsic, V., Cabiyo, B., Jacobson, R., Kerr, A.,
Potts, M., Sanchez, D.L., 2023. Comprehensive review of carbon quantification by
improved forest management offset protocols. Front. For. Glob. Change 6, 958879.
https://doi.org/10.3389/ffgc.2023.958879

Haywood, J.D., Tiarks, A.E., Shoulders, E., 1990. Loblolly and slash pine height and diameter
are related to soil drainage in winter on poorly drained silt loams. New forests 4, 81-96.
https://doi.org/10.1007/BF00119002

Hollister, J.W., Hijmans, R.J., Mattiuzzi, M., Simpson, G.L., Mosher, S., Dyck, A.R., Little, D.,
Michonneau, F., 2022. exactextractr: Fast Extraction of Grids and Polygons from Raster
Datasets.

Holtsmark, B., Hoel, M., Holtsmark, K., 2013. Optimal harvest age considering multiple carbon
pools — A comment. JFE 19, 87-95. https://doi.org/10.1016/j.jfe.2012.09.002



120

Isik, F., McKeand, S.E., 2019. Fourth cycle breeding and testing strategy for Pinus taeda in the
NC State University Cooperative Tree Improvement Program. Tree Genetics & Genomes
15, 1-12. https://doi.org/10.1007/s11295-019-1377-y

Jaunky, V., Lundmark, R., 2015. Dynamics of Timber Market Integration in Sweden. Forests 6,
4617-4633. https://doi.org/10.3390/f6124391

Johansen, S., Juselius, K., 1990. MAXIMUM LIKELIHOOD ESTIMATION AND
INFERENCE ON COINTEGRATION — WITH APPLICATIONS TO THE DEMAND
FOR MONEY. Oxf Bull Econ Stat 52, 169-210. https://doi.org/10.1111/j.1468-
0084.1990.mp52002003.x

Johnston, C.M.T., Guo, J., Prestemon, J.P., 2023. RPA forest products market data for U.S. RPA
Regions and the world, historical (1990-2015), and projected (2020-2070) using the
Forest Resource Outlook Model (FOROM) (2nd Edition). https://doi.org/10.2737/RDS-
2022-0073-2

Jokela, Allen, McFee, 1991. Fertilization of Southern Pines at Establishment, in: Forest
Regeneration Manual. Springer Netherlands, Dordrecht, pp. 263-277.
https://doi.org/10.1007/978-94-011-3800-0_14

Jury, W., Horton, R., 2004. Soil physics, 6th ed. ed. Wiley, Hoboken.

Kandare, K., @rka, H.O., Dalponte, M., Nasset, E., Gobakken, T., 2017. Individual tree crown
approach for predicting site index in boreal forests using airborne laser scanning and
hyperspectral data. International journal of applied earth observation and geoinformation
60, 72-82. https://doi.org/10.1016/j.jag.2017.04.008

Kellner, J.R., Armston, J., Birrer, M., Cushman, K.C., Duncanson, L., Eck, C., Falleger, C.,
Imbach, B., Kral, K., Kricek, M., Trochta, J., Vrska, T., Zgraggen, C., 2019. New
Opportunities for Forest Remote Sensing Through Ultra-High-Density Drone Lidar.
Surveys in Geophysics 40, 959-977. https://doi.org/10.1007/s10712-019-09529-9

Kelting, D.L., Burger, J.A., Patterson, S.C., Aust, W.M., Miwa, M., Trettin, C.C., 1999. Soil
quality assessment in domesticated forests —a southern pine example. Forest ecology and
management 122, 167-185. https://doi.org/10.1016/S0378-1127(99)00040-7

Keltingf, D.L., Burger, J.A., Patterson, S.C., Corporation, W., 2000. Early Loblolly Pine Growth
Response to Changes in Soil Environment.

Keqi Zhang, Shu-Ching Chen, Whitman, D., Mei-Ling Shyu, Jianhua Yan, Chengcui Zhang,
2003. A progressive morphological filter for removing nonground measurements from
airborne LIDAR data. IEEE Trans. Geosci. Remote Sensing 41, 872—-882.
https://doi.org/10.1109/TGRS.2003.810682

Koirala, A., Montes, C.R., Bullock, B.P., 2021. Modeling dominant height using stand and water
balance variables for loblolly pine in the Western Gulf, US. Forest ecology and
management 479, 118610. https://doi.org/10.1016/j.foreco.2020.118610



121

Kolo, H., Tzanova, P., 2017. Forecasting the German forest products trade: A vector error
correction model. JFE 26, 30-45. https://doi.org/10.1016/j.jfe.2016.11.001

Kracek, M., Kral, K., Cushman, K.C., Missarov, A., Kellner, J.R., 2020. Supervised
Segmentation of Ultra-High-Density Drone Lidar for Large-Area Mapping of Individual
Trees. Remote Sensing 12, 3260. https://doi.org/10.3390/rs12193260

Lee Allen, H., Fox, T.R., Campbell, R.G., 2005. What is Ahead for Intensive Pine Plantation
Silviculture in the South? Southern Journal of Applied Forestry 29, 62—609.
https://doi.org/10.1093/sjaf/29.2.62

Lema-Tapias, A., 2003. Elementos Tedrico-Practicos sobre Inventarios Forestales (estadistica y
Planeacion). Medellin, Colombia.

Liu, J., Burkhardt, T.E., Amateis, R.L., 1995. Projecting Crown Measures for Loblolly Pine
Trees Using a Generalized Thinning Response Function. Forest science 41, 43-53.
https://doi.org/10.1093/forestscience/41.1.43

Liu, J., Burkhart, H.E., 1994. Spatial characteristics of diameter and total height in juvenile
loblolly pine (Pinus taeda L.) plantations. Forest science 40, 774—786.

Loetsch, F., Zohrer, F., Khaller, K.E., 1973. Inventory data collected by terrestrial measurements
and observations, data processing in forest inventory. The sample plot, plotless sampling
and regeneration survey. List sampling with unequal prbabilities and planning,
performance and field checking of forest inventries. BLV Verlagsgesellschatft.

Lorio, P.L., Howe, V.K., Martin, C.N., 1972. Loblolly Pine Rooting Varies with Microrelief on
Wet Sites. Ecology (Durham) 53, 1134-1140. https://doi.org/10.2307/1935426

Maarit, A., Kallio, 1., 2010. Accounting for uncertainty in a forest sector model using Monte
Carlo simulation. Forest Policy and Economics.
https://doi.org/10.1016/j.forpol.2009.09.014

Magerl, A., Le Nog, J., Erb, K.-H., Bhan, M., Gingrich, S., 2019. A comprehensive data-based
assessment of forest ecosystem carbon stocks in the US 1907-2012. Environ. Res. Lett.
14, 125015. https://doi.org/10.1088/1748-9326/ab5ch6

Marks, C.O., Yellen, B.C., Wood, S.A., Martin, E.H., Nislow, K.H., 2020. Variation in Tree
Growth along Soil Formation and Microtopographic Gradients in Riparian Forests.
Wetlands (Wilmington, N.C.) 40, 1909-1922. https://doi.org/10.1007/s13157-020-01363-
9

Marland, E., Marland, G., Stockmann, K., 2024. The Present Net Impact Value for the
Atmospheric Emission of Forest Carbon from Harvested Wood Products. Environ Model
Assess. https://doi.org/10.1007/s10666-024-10009-7

Martin, S.W., Bailey, R.L., Jokela, E.J., 1999. Financial Analysis of Mid-rotation Fertilization in
Lower Coastal Plain Slash Pine Plantations (No. PMRC Technical Report 1999-1).



122

Plantation Management Research Cooperative Daniel B. Warnell School of Forest
Resources University of Georgia.

McKeand, S.E., Payn, K.G., Heine, A.J., Abt, R.C., 2021. Economic Significance of Continued
Improvement of Loblolly Pine Genetics and Its Efficient Deployment to Landowners in
the Southern United States. Journal of Forestry 119, 62—72.
https://doi.org/10.1093/jofore/fvaa044

McNab, W.H., 1991. Effects of Landform on Site Index for Two Mesophytic Tree Species in the
Appalachian Mountains of North Carolina, USA. International Journal of Forestry
Research 1-7. https://doi.org/10.1155/2010/298674

Mei, B., Clutter, M.L., Harris, T.G., 2013. Timberland Return Drivers and Timberland Returns
and Risks: A Simulation Approach. Southern Journal of Applied Forestry 37, 18-25.
https://doi.org/10.5849/sjaf.11-022

Mieza, M.S., Cravero, W.R., Kovac, F.D., Bargiano, P.G., 2016. Delineation of site-specific
management units for operational applications using the topographic position index in La
Pampa, Argentina. Computers and electronics in agriculture 127, 158-167.
https://doi.org/10.1016/j.compag.2016.06.005

Monserud, R.A., Huang, S., Yang, Y., 2006. Biomass and biomass change in lodgepole pine
stands in Alberta.

Montes, C.R., 2002. A Silvicultural Decision Support System for Loblolly Pine Plantations.
North Carolina State University.

Moser, K., Ahn, C., Noe, G., 2007. CHARACTERIZATION OF MICROTOPOGRAPHY AND
ITS INFLUENCE ON VEGETATION PATTERNS IN CREATED WETLANDS.
WETLANDS 27, 1081-1097.

Muff, S., Nilsen, E.B., O’Hara, R.B., Nater, C.R., 2022. Rewriting results sections in the
language of evidence. Trends in ecology &amp; evolution (Amsterdam) 37, 203-210.
https://doi.org/10.1016/j.tree.2021.10.009

Narin, O.G., Vatandaslar, C., Abdikan, S., 2022. Estimating Stand Top Height Using Freely
Distributed ICESat-2 LIDAR Data: A Case Study from Multi-species Forests in Artvin.
Forestist 72, 294-298. https://doi.org/10.5152/forestist.2022.21044

Nepal, P., Johnston, C.M.T., Ganguly, I., 2021. Effects on Global Forests and Wood Product
Markets of Increased Demand for Mass Timber. Sustainability 13, 13943.
https://doi.org/10.3390/su132413943

Ning, Z., Sun, C., 2014. Vertical price transmission in timber and lumber markets. JFE 20, 17—
32. https://doi.org/10.1016/j.jfe.2013.07.002

Ontl, T.A., Janowiak, M.K., Swanston, C.W., Daley, J., Handler, S., Cornett, M., Hagenbuch, S.,
Handrick, C., Mccarthy, L., Patch, N., 2020. Forest Management for Carbon



123

Sequestration and Climate Adaptation. Journal of Forestry 118, 86—101.
https://doi.org/10.1093/jofore/fvz062

Orrego, S., Montes, C., Restrepo, H.l., Bullock, B.P., Zapata, M., 2021. Modeling height growth
for teak plantations in Colombia using the reducible stochastic differential equation
approach. Journal of forestry research 32, 1035-1045. https://doi.org/10.1007/s11676-
020-01174-y

Oswalt, S.N., Smith, W.B., Miles, P.D., Pugh, S.A., 2019. Forest resources of the United States,
2017. General Technical Report-US Department of Agriculture, Forest Service.Forest
Service.

Panagiotidis, D., Abdollahnejad, A., Slavik, M., 2021. Assessment of Stem VVolume on Plots
Using Terrestrial Laser Scanner: A Precision Forestry Application. Sensors 21.
https://doi.org/10.3390/s21010301

Pangle, R.E., Seiler, J., 2002. Influence of seedling roots, environmental factors and soil
characteristics on soil CO2 efflux rates in a 2-year-old loblolly pine (Pinus taeda L.)
plantation in the Virginia Piedmont. Environmental pollution (1987) 116 Suppl 1, S85—
S96. https://doi.org/10.1016/S0269-7491(01)00261-5

Parajuli, R., Chang, S.J., 2015. The Softwood Sawtimber Stumpage Market in Louisiana: Market
Dynamics, Structural Break, and Vector Error Correction Model. Forest Science 61, 904—
913. https://doi.org/10.5849/forsci.14-099

Parresol, B.R., 1998. Prediction and Error of Baldcypress Stem Volume from Stump Diameter.
Southern Journal of Applied Forestry 22, 69—-73. https://doi.org/10.1093/sjaf/22.2.69

Peay, W.S., Bullock, B.P., Montes, C.R., 2022. Growth and yield model comparisons for mid-
rotation loblolly pine ( Pinus taeda L.) plantations in the southeastern US. Forestry: An
International Journal of Forest Research cpac014.
https://doi.org/10.1093/forestry/cpac014

Peduzzi, A., Allen, H.L., Wynne, R.H., 2010. Leaf Area of Overstory and Understory in Pine
Plantations in the Flatwoods. Southern Journal of Applied Forestry 34, 154-160.
https://doi.org/10.1093/sjaf/34.4.154

Pfaff, B., Stigler, M., 2024. vars: VAR Modelling. https://doi.org/10.32614/CRAN.package.vars

Pfaff, B., Zivot, E., Stigler, M., 2024. urca: Unit Root and Cointegration Tests for Time Series
Data. https://doi.org/10.32614/CRAN.package.urca

Pritchard, S.G., Strand, A.E., McCORMACK, M.L., Davis, M.A,, Finzi, A.C., Jackson, R.B.,
Matamala, R., Rogers, H.H., Oren, R., 2008. Fine root dynamics in a loblolly pine forest

are influenced by free-air-CO> -enrichment: a six-year-minirhizotron study. Global
Change Biology 14, 588-602. https://doi.org/10.1111/j.1365-2486.2007.01523.x



124

Puls, S.J., Cook, R.L., Baker, J.S., Rakestraw, J.L., 2024a. A Range of Management Strategies
for Planted Pine Systems Yields Net Climate Benefits. https://doi.org/10.31223/X5RH8F

Puls, S.J., Cook, R.L., Baker, J.S., Rakestraw, J.L., Trlica, A., 2024b. Modeling wood product
carbon flows in southern us pine plantations: implications for carbon storage. Carbon
Balance Manage 19, 8. https://doi.org/10.1186/s13021-024-00254-4

R Core Team, 2021. R: A language and environment for statistical computing.

Rahman, M.A., Bakar, M.A., Razak, K., Rasib, A., Kanniah, K., Kadir, W.W., Omar, H., Faidi,
A., Kassim, A., Latif, Z.A., 2017. Non-Destructive, Laser-Based Individual Tree
Aboveground Biomass Estimation in a Tropical Rainforest. Forests 8, 86.
https://doi.org/10.3390/f8030086

Rahman, M.Z.A., Kadir, W.H.W., Rasib, A.W., Ariffin, A., Razak, K.A., 2013. Integration of
high density airborne LIDAR and high spatial resolution image for landcover
classification. IEEE, pp. 2927-2930. https://doi.org/10.1109/IGARSS.2013.6723438

Raigosa-Garcia, I., Rathbun, L.C., Cook, R.L., Baker, J.S., Corrao, M.V., Sumnall, M.J., 2024.
Rethinking Productivity Evaluation in Precision Forestry through Dominant Height and
Site Index Measurements Using Aerial Laser Scanning LIDAR Data. Forests 15, 1002.
https://doi.org/10.3390/f15061002

Ramirez, L., Orrego, S.A., Restrepo, H.I., 2020. Financial analysis of potential Pinus patula
plantations in Antiogquia, Colombia. Revista Facultad Nacional de Agronomia, Medellin
73, 9227-9242. https://doi.org/10.15446/rfnam.v73n2.82833

Rennolls, K., 1978. Forest height growth modelling. Forest Ecology and Management.
https://doi.org/10.1016/0378-1127(94)06102-0

Restrepo, H.1., 2019. Modeling loblolly pine (Pinus taeda L.) stand dynamics and its associated
financial implications for forestland owners in the Southeastern U.S. (PhD Thesis).
University of Georgia, Athens, Georgia, USA.

Restrepo, H.I., Bullock, B.P., Montes, C.R., 2019. Growth and yield drivers of loblolly pine in
the southeastern U.S.: A meta-analysis. Forest Ecology and Management 435, 205-218.
https://doi.org/10.1016/j.foreco.2018.12.007

Restrepo, H.1., Orrego, S.A., 2015. A comprehensive analysis of teak plantation investment in
Colombia. Forest Policy and Economics. https://doi.org/10.1016/j.forpol.2015.05.001

Rezitis, A.N., 2015. The relationship between agricultural commodity prices, crude oil prices and
US dollar exchange rates: a panel VAR approach and causality analysis. International
Review of Applied Economics 29, 403-434.
https://doi.org/10.1080/02692171.2014.1001325

Rhoton, F.E., Lindbo, D.L., 1997. A soil depth approach to soil quality assessment. Journal of
Soil and Water Conservation 52.



125

Ribas-Costa, V.A., Gaston, A., Cook, R.L., 2024. Modeling dominant height with USGS 3DEP
LiDAR to determine site index in even-aged loblolly pine ( Pinus taeda L.) plantations in
the southeastern US. Forestry: An International Journal of Forest Research cpae034.
https://doi.org/10.1093/forestry/cpae034

RIEGL, 2022a. RIACQUIRE.
RIEGL, 2022b. RiProcess.

Ritchie, M., Zhang, J., Hamilton, T., 2012. Effects of Stand Density on Top Height Estimation
for Ponderosa Pine. Western journal of applied forestry 27, 18-24.
https://doi.org/10.1093/wjaf/27.1.18

Roussel, J.-R., Auty, D., Boissieu, F.D., 2022. lidR.
Roussel, J.-R., Goodbody, T., Tompalski, P., 2021. The lidR package.

Rowe, E.C., Cadisch, G., van Noordwijk, M., Suprayogo, D., Hairiah, K., Giller, K.E., 2001.
Root distributions partially explain 15N uptake patterns in Gliricidia and Peltophorum
hedgerow intercropping systems. Plant and Soil 235, 167-179.

Rubilar, Allen, L., Fox, Cook, Albaugh, Campoe, 2018. Advances in Silviculture of Intensively
Managed Plantations. Current Forestry Reports 4, 23-34. https://doi.org/10.1007/s40725-
018-0072-9

Rubilar, R.A., Albaugh, T.J., Allen, H.L., Alvarez, J., Fox, T.R., Stape, J.L., 2012. Influences of
silvicultural manipulations on above- and belowground biomass accumulations and leaf
area in young Pinus radiata plantations, at three contrasting sites in Chile. Forestry.
https://doi.org/10.1093/forestry/cps055

Sanyal, P., Malczynski, L.A., Kaplan, P., 2015. Impact of Energy Price Variability on Global
Fertilizer Price: Application of Alternative Volatility Models.
https://doi.org/10.22004/AG.ECON.230373

Scolforo, H.F., Montes, C., Cook, R.L., Allen, H.L., Albaugh, T.J., Rubilar, R., Campoe, O.,
2020. A New Approach for Modeling Volume Response from Mid-Rotation Fertilization
of Pinus taeda L. Plantations. Forests 11, 646. https://doi.org/10.3390/f11060646

Seifert, C.L., Cox, R.T., Forman, S.L., Foti, T.L., Wasklewicz, T.A., McColgan, A.T., 2009.
Relict nebkhas (pimple mounds) record prolonged late Holocene drought in the forested
region of south-central United States. Quaternary research 71, 329-3309.
https://doi.org/10.1016/j.yqres.2009.01.006

Shafii, B., Moore, J.A., Newberry, J.D., 1990. Individual-tree diameter growth models for
quantifying within-stand response to nitrogen fertilization. Canadian journal of forest
research 20, 1149-1155. https://doi.org/10.1139/x90-153



126

Sharma, M., Amateis, R.L., Burkhart, H.E., 2002. Top height definition and its effect on site
index determination in thinned and unthinned loblolly pine plantations. Forest Ecology
and Management 168, 163. https://doi.org/10.1016/s0378-1127(01)00737-x

Sharma, M., Smith, M., Burkhart, H.E., Amateis, R.L., 2006. Modeling the impact of thinning on
height development of dominant and codominant loblolly pine trees. Annals of Forest
Science 63, 349. https://doi.org/10.1051/forest:2006015

Shephard, N., Narine, L., Peng, Y., Maggard, A., 2022. Climate Smart Forestry in the Southern
United States. Forests 13, 1460. https://doi.org/10.3390/f13091460

Silva, C.A., Hudak, A.T., Vierling, L.A., Loudermilk, E.L., O’Brien, J.J., Hiers, J.K., Jack, S.B.,
Gonzalez-Benecke, C., Lee, H., Falkowski, M.J., Khosravipour, A., 2016. Imputation of
Individual Longleaf Pine (Pinus palustris Mill.) Tree Attributes from Field and LIDAR
Data. Canadian journal of remote sensing 42, 554-573.
https://doi.org/10.1080/07038992.2016.1196582

Socha, J., Pierzchalski, M., Batazy, R., Ciesielski, M., 2017. Modelling top height growth and
site index using repeated laser scanning data. Forest ecology and management 406, 307—
317. https://doi.org/10.1016/j.foreco.2017.09.039

Socha, J., Tyminska-Czabanska, L., Bronisz, K., Zigba, S., Hawrylo, P., 2021. Regional height
growth models for Scots pine in Poland. Scientific reports 11, 10330.
https://doi.org/10.1038/s41598-021-89826-9

Soil Survey Staff, Natural Resources Conservation Service, United States Department of
Agriculture, 2024. Soil Survey Geographic (SSURGO) Database for the Polk and Tyler
counties, Texas.

Stanturf, J.A., Goodrick, S.L., Outcalt, K.W., 2007. Disturbance and coastal forests: A strategic
approach to forest management in hurricane impact zones. Forest Ecology and
Management 250, 119-135. https://doi.org/10.1016/j.foreco.2007.03.015

Strand, L., 1964. Numerical Constructions of Site-Index Curves. Forest Science 10, Pages 410-
414. https://doi.org/10.1093/forestscience/10.4.410

Sumnall, M.J., Albaugh, T.J., Carter, D.R., Cook, R.L., Hession, W.C., Campoe, O.C., Rubilar,
R.A., Wynne, R.H., Thomas, V.A., 2023. Estimation of individual stem volume and
diameter from segmented UAV laser scanning datasets in Pinus taeda L. plantations.
International journal of remote sensing 44, 217-247.
https://doi.org/10.1080/01431161.2022.2161853

Sumnall, M.J., Fox, T.R., Wynne, R.H., Thomas, V.A., 2017. Mapping the height and spatial
cover of features beneath the forest canopy at small-scales using airborne scanning
discrete return Lidar. ISPRS journal of photogrammetry and remote sensing 133, 186—
200. https://doi.org/10.1016/j.isprsjprs.2017.10.002



127

Sumnall, M.J., Raigosa-Garcia, I., Carter, D.R., Albaugh, T.J., Campoe, O.C., Rubilar, R.A.,
Alexander, B., Cohrs, C.W., Cook, R.L., 2025. Assessing Methods to Measure Stem
Diameter at Breast Height with High Pulse Density Helicopter Laser Scanning. Remote
Sensing 17, 229. https://doi.org/10.3390/rs17020229

Sumnall, M.J., Trlica, A., Carter, D.R., Cook, R.L., Schulte, M.L., Campoe, O.C., Rubilar, R.A.,
Wynne, R.H., Thomas, V.A., 2021. Estimating the overstory and understory vertical
extents and their leaf area index in intensively managed loblolly pine (Pinus taeda L.)
plantations using airborne laser scanning. Remote sensing of environment 254, 112250.
https://doi.org/10.1016/j.rse.2020.112250

Tanger, S.M., Blazier, M.A., Holley, A.G., McConnell, T.E., Vanderschaaf, C., Clason, T.R.,
Kc, D., 2021. Financial performance of diverse levels of early competition suppression
and pre-commercial thinning on loblolly pine stand development. New Forests 52, 217—
235. https://doi.org/10.1007/s11056-020-09790-6

Tasissa, G., Burkhart, H.E., Amateis, R.L., 1997. Volume and taper equations for thinned and
unthinned loblolly pine trees in cutover, site-prepared plantations. Southern journal of
applied forestry 21, 146-152. https://doi.org/10.1093/sjaf/21.3.146

The Alabama Cooperative Extension System, 2024. Cost and Trends of Southern Forestry
Practices 2022 [WWW Document]. URL
https://app.powerbi.com/view?r=eyJrljoiNDIwODYyZmUtMGEOZi00ZmRILTIZJEIND
dhZjFKOTIMZGMxIiwidCIBImMNjYjZkZWVKLWJIkMjktNG1zOC040Tc5LWQ3Mjc4M
GY2MmQzYilsImMiOjN9 (accessed 1.10.25).

Thornton, M.M., Shrestha, R., Wel, Y., Thornton, P.E., Kao, S.-C., 2022. DaymetDaymet: Daily
Surface Weather Data on a 1-km Grid for North America, Version 4 R1.
https://doi.org/10.3334/ORNLDAAC/2129

Tian, X., Sohngen, B., Baker, J., Ohrel, S., Fawcett, A.A., 2018. Will U.S. Forests Continue to
Be a Carbon Sink? Land Economics 94, 97-113. https://doi.org/10.3368/le.94.1.97

TimberMart-South (TMS), 2024. Quarterly timber prices.

Trlica, A., Cook, R.L., Albaugh, T.J., Parajuli, R., Carter, D.R., Rubilar, R.A., 2021. Financial
Returns for Biomass on Short-Rotation Loblolly Pine Plantations in the Southeastern
United States. Forest science 67, 670—681. https://doi.org/10.1093/forsci/fxab033

University of Washington, C. of F.R., University of Washington, C. of E., University of
Washington, 1. of F.R., 2001. Precision Forestry: Proceedings of the First International
Precision Forestry Cooperative Symposium. Institute of Forest Resources, College of
Forest Resources, University of Washington, Seattle, Washington, USA.

U.S. Bureau of Labor Statistics (BLS), 2025. Historical Consumer Price Index for All Urban
Consumers (CPI-U): U.S. city average, all items, by month.



128

U.S. Environmental Protection Agency, Office of Atmospheric Programs, 2013. Global
Mitigation of Non-CO2 Greenhouse Gases: 2010-2030 (No. EPA-430-R-13-011).
Washington, DC.

Van Rees, K.C.J., Comerford, N.B., 1986. Vertical Root Distribution and Strontium Uptake of a
Slash Pine Stand on a Florida Spodosol. Soil Science Soc of Amer J 50, 1042—1046.
https://doi.org/10.2136/sss5aj1986.03615995005000040041x

VERRA, 2023. VMO0003: Improved Forest Management through Extension of Rotation Age
v1.3. Verra.

Vogel, J.G., Bracho, R., Akers, M., Amateis, R., Bacon, A., Burkhart, H.E., Gonzalez-Benecke,
C.A., Grunwald, S., Jokela, E.J., Kane, M.B., Laviner, M.A., Markewitz, D., Martin,
T.A., Meek, C., Ross, C.W., Will, R.E., Fox, T.R., 2021. Regional Assessment of Carbon
Pool Response to Intensive Silvicultural Practices in Loblolly Pine Plantations. Forests
13, 36. https://doi.org/10.3390/f13010036

Wear, D.N., Coulston, J.W., 2015. From sink to source: Regional variation in U.S. forest carbon
futures. Sci Rep 5, 16518. https://doi.org/10.1038/srep16518

Weiskittel, A.R., Hann, D.W., Kershaw, J.A., Vanclay, J.K., 2011. Forest growth and yield
modeling. Wiley &amp; Sons, Inc, Hoboken, NJ. https://doi.org/10.1002/9781119998518

Wilcoxon, F., 1945. Individual Comparisons by Ranking Methods. Biometrics bulletin 1, 80-83.
https://doi.org/10.2307/3001968

Will, R.E., Fox, T., Akers, M., Domec, J.-C., Gonzalez-Benecke, C., Jokela, E.J., Kane, M.,
Laviner, M.A., Lokuta, G., Markewitz, D., Mcguire, M.A., Meek, C., Noormets, A.,
Samuelson, L., Seiler, J., Strahm, B., Teskey, R., Vogel, J., Ward, E., West, J., Wilson,
D., Martin, T.A., 2015. A Range-Wide Experiment to Investigate Nutrient and Soil
Moisture Interactions in Loblolly Pine Plantations. Forests 6, 2014.
https://doi.org/10.3390/f6062014

Woollons, R.C., Haywood, A., McNickle, D.C., 2002. Modeling internode length and branch
characteristics for Pinus radiata in New Zealand. Forest ecology and management 160,
243-261. https://doi.org/10.1016/S0378-1127(01)00468-6

World Bank, 2025. World Bank Commodity Price Data (The Pink Sheet).

Young, J.B., Bullock, B.P., Montes, C.R., 2023. Assessing Mid-rotation Loblolly Pine and
Competing Vegetation Responses to Post-thin Fertilization and Herbicide Application in
the Southeastern United States. Journal of forestry XX, 1.
https://doi.org/10.1093/jofore/fvad035

Yu, Z., Ning, Z., Chang, W.-Y., Chang, S.J., Yang, H., 2023. Optimal harvest decisions for the
management of carbon sequestration forests under price uncertainty and risk preferences.
Forest Policy and Economics 151, 102957. https://doi.org/10.1016/j.forpol.2023.102957



129

Zhao, D., Kane, M., Borders, B.E., 2011. Growth responses to planting density and management
intensity in loblolly pine plantations in the southeastern USA Lower Coastal Plain.
Annals of Forest Science 68, 625-635. https://doi.org/10.1007/s13595-011-0045-7

Zhao, D., Kane, M., Teskey, R., Fox, T.R., Albaugh, T.J., Allen, H.L., Rubilar, R., 2016.
Maximum response of loblolly pine plantations to silvicultural management in the
southern United States. Forest Ecology and Management 375, 105-111.
https://doi.org/10.1016/j.foreco.2016.05.035

Zhao, D., Kane, M., Teskey, R., Markewitz, D., Greene, D., Borders, B., 2014. Impact of
management on nutrients, carbon, and energy in aboveground biomass components of
mid-rotation loblolly pine (Pinus taeda L.) plantations. Annals of Forest Science 71, 843—
851. https://doi.org/10.1007/s13595-014-0384-2

Zhao, H., Wu, J., Wang, A., Guan, D., Liu, Y., 2022. Microtopography mediates the climate—
growth relationship and growth resilience to drought of Pinus tabulaeformis plantation in
the hilly site. Frontiers in Plant Science. https://doi.org/10.3389/fpls.2022.1060011

Zhao, Y., Krzic, M., Bulmer, C.E., Schmidt, M.G., Simard, S.W., 2010. Relative bulk density as
a measure of compaction and its influence on tree height. Canadian journal of forest
research 40, 1724-1735. https://doi.org/10.1139/X10-115



130
APPENDICES



131
Appendix A



132

Table A.1. Timeline for data collection and treatment application.
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Figure A.1. Timber proportions over time in non-herbicide scenarios.



134

No thinning, fertilizer E AN
Thinning, fertilizer ! Fl :
500 B : N
Thinning, no fertilizer | i = ~
— Herbicide o T
— Mo Herbicide " P .
o Yy |
[ 1
: : |
< 7 :
&3 ., 1
- S !
& / |
Z -500 |
s |
Fd 1
z |
4 |
-1000 ¥ :
0 10 20

Year

Figure A.2. Net present value for different productivity and silvicultural scenarios, including
Monte Carlo simulations with variations in timber and fertilizer prices. The shaded area
represented the range between the 25th and 75th percentile NPV. Vertical lines represent the

year's maximum NPV,



135

2o0ee NT F H
& 70000 N NT, NF, H ®
Z * NT, F T.F,H
5
il
(o]
-
T
a
=

60000 .

NT, NF
T, NF
L
350 400 450 500

Expected NPV ($/hectare)
Figure A.3. Expected NPV and the Variance of NPV site index 26 m Different, and Silviculture

Scenarios.



136

900
800
700
600
500
400
300 W
200
100

Urea Price ($/ton)

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Quarter years forecasted

e=@==_Urea 2018 ==@=Urea 2022

Figure A.4. Urea price forecast for four years (16 quarters) using a VAR model and two time

series of data ending in 2018 and 2022 for urea and crude oil ITW prices (World Bank, 2025).
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Figure A.5. Timber price forecast for four years (16 quarters) results using VECM based on time

series data ending in 2018 and 2022 from Timber Mart-South (TimberMart-South (TMS), 2024).



