
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. LiDAR 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-1 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 LAI 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 CO₂e, 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. 
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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 
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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. 
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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 
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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 LiDAR 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 Chormański, 2014; Krůček et al., 2020; Panagiotidis et al., 2021; Rahman et 
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al., 2017); however, scaling these methods from a few hectares to full stands or the landscape 

scale has been challenging (Krůček et al., 2020). Nevertheless, the use of the ultra-high-density 

drone LiDAR 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 (Krůček 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 (LiDAR) 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). 
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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.g., 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. 
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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. 

 

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). 

 

Location 
Mean Annual  

Precipitation 

(mm) 

Mean Annual  

Temperature 

(°C) 

Mean Annual 

Maximum 

Temperature 

(°C) 

Mean Annual 

Minimum 

Temperature 

(°C) 
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. 

 

State Stand Area (ha) 
Year 

Planted 

Age at 

Treatment 

(Years) 

Tree Density 

after Thinning 

(trees/ha) 

Elevation 

Range above 

Sea Level (m) 

AL  
ALNorth1 49.1 2001 19 733 127.1–168.5 

ALSouth1 20.4 2002 18 941 118.8–146.0 

NC 

NCNorth1 16.7 2003 18 443 58.8–88.9 

NCNorth2 56.5 2005 16 403 55.7–88.9 

NCSouth1 51.5 1994 27 298 52.0–78.9 

NCSouth2 13.0 2004 17 401 60.4–79.5 

TX 
TXSouth1 52.3 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. 

 

 

 

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 

Site Stand Soil Type (FPC SPOT Codes) 

AL 

ALNorth1 B4SyxfSrPD and C2WextScPD 

ALSouth1 
B1WeaoBgPD, B4SyxfBgPD, C2WextBgPD, and 

C2WextScPD 

NC 

NCNorth1 B2WekoAuPD and E2WykoAuPD 

NCNorth2 B2WekoAuPD 

NCSouth1 
B2WexvAuPD, B3WekoAuPD, E2WykoAmPD, and 

E2WyxvAuPD 

NCSouth2 B2WexvAuPD, B3WekoAuPD, and E2WyxvAuPD 

TX 

TXSouth1 
B3WeioLbGF, C3MeioLbGF, C3PyaoLbGF, and 

C3WeioLbGF 

TXSouth2 
C2MeioLbGF, C3MeioLbGF, C3PyaoLbGF, C4WoioLbGF, 

C6MyioLbGF, and C6PyanLbGF 
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using RiACQUIRE (RIEGL, 2022a). Re-processing tasks, such as calibration scan data and strip 

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

 

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). 

 

 

 

 

 

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., 

Location  Dates of Collection Sensor Pulse Density 
Flight Line 

Overlap 

AL January 2020 Riegl 1560ii 26 pulses/m2 60% 

NC July 2021 
Riegl 

MiniVux1 
20 pulses/m2 80% 

TX January–March 2021 
Riegl VQ-480 

II 
289 to 493 pulses/m2 55% 
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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—value 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: 
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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. 

 

Location Stand Area (ha) 
Number of 

Trees 

Mean 

Trees per 

Hectare 

Mean Tree Height 

(m) 

Number of 

Plots 

Simulated 

 ALNorth1 49.1 35,537 724 17.3 (1.9) 22 

AL AlSouth1 20.4 19,154 938 17.2 (1.6) 9 

NC 

NCSouth1 51.5 15,136 294 21.2 (1.7) 26 

NCSouth2 13.0 5260 404 17.0 (1.4) 9 

NCNorth1 16.7 7296 437 17.3 (1.5) 9 

NCNorth2 56.5 22,723 400 17.2 (1.7) 31 

TX 
TXSouth1 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). 

 

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): 

𝑆𝐼 =  
26.14 + 𝑋0

1 + 1455
𝑋0𝑡−1.107⁄

 (2.1)
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where t is a base age value of 25 and X0 is as follows: 

𝑋0 =
𝑌0 − 26.14 + √(𝑌0 − 26.14)2 + 4 ∗ 1455𝑌0𝑡0

−1.107

2
 (2.2)  

where t0 is the stand age and Y0 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: 

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑆𝐼 =  ∑
𝑆𝐼𝑖𝐴𝑖

∑ 𝐴𝑖
𝑛
𝑖=1

𝑛

𝑖=1

(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, NCSouth1 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. Scale 

2.3.2.1. 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 ALNorth1, 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 

B2WexvAuPD. 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 TXSouth1, and C6MyioLbGF and C3PyaoLbGF (p-

values of 0.61 and 0.17) in stand TXSouth2. Soil type C3PyaoLbGF was statistically significant 

for TXSouth1, 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. 

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 ALSouth1, 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 

ALNorth1. 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 TXSouth1 

(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 ALNorth1 in Alabama (Table 2.6), the percent change in average dominant height differs 

by 11 percent, while stand ALSouth1’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. 

 

 

 

 

 

 

 

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 NCSouth1 (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 

State Stand Soil Flat Mound Valley Sub Total 

AL 

ALNorth1 

B4SyxfSrPD   -9%   -11% 

C2WextScPD 1% -3% 3% 0% 

Sub Total 3% -3% 3% 20.2 m 

ALSouth1 

B1WeaoBgPD 0% -3% 3% 0% 

B4SyxfBgPD 4% -12% -2% 3% 

C2WextBgPD -7% -7%   -5% 

C2WextScPD -1% -8% 2% 0% 

Sub Total 0% -3% 3% 19.6 m 
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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 

NC 

NCNorth1 

B2WekoAuPD -1% 0% 1% -1% 

E2WykoAuPD 8% 16% 0% 13% 

Sub Total -1% -1% 2% 19.7 m 

NCNorth2 
B2WekoAuPD 0% -2% 3% 0% 

Sub Total 0% -2% 3% 19.8 m 

NCSouth1 

B2WexvAuPD 1% -5% -3% 0% 

B3WekoAuPD 0% -3% 3% 0% 

E2WykoAmPD 3% 2% 5% 3% 

E2WyxvAuPD -7% -7% −7% -7% 

Sub Total 0% -3% 3% 23.8 m 

NCSouth2 

B2WexvAuPD 1% -2% 18% 11% 

B3WekoAuPD -2% -5% 0% -3% 

E2WyxvAuPD -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 

C3MeioLbGF 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 

TX 

TXSouth1 

B3WeioLbGF -1% 1% -3% -2% 

C3MeioLbGF -6% -2% 0% -3% 

C3PyaoLbGF -1% 0% 1% -1% 

C3WeioLbGF 0% 0% -1% 0% 

Sub Total 0% 0% 0% 19.3 m 

TXSouth2 

C2MeioLbGF -2% -2% 2% -1% 

C3MeioLbGF 4% 3% 2% 3% 

C3PyaoLbGF #NAME? 0% 0% 2% 

C4WoioLbGF -4% -5% 0% -4% 

C6MyioLbGF -1% 0% 2% 0% 

C6PyanLbGF 0% -1% 0% 0% 

Sub Total 0% 0% 2% 24.4 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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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.  

 

Stand Scale Soils Microtopography 
Soils and 

Microtopography 

Plot  

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 

2.4.1. 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. García and Batho (García 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 LiDAR 

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 Tomé, 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-1) and three levels of elemental phosphorus (0, 28, and 56 kg ha-1) 

(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-1, although this dose resulted in the shortest response duration. Conversely, the 
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highest nitrogen dose (336 kg ha-1) 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 (Ilex 

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 

(ha) 

Year 

Planted  

LiDAR-Derived Mean Tree 

Density after Thinning 

(Trees/ha)  

Elevation Range above 

Sea Level (m) 

TXSouth1 52.3 2004 379 49.3–57.4 

TXSouth2 35.8

  

1999 569 42.0–49.2 

TXNorth1 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 TXSouth1 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). 
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Table 3.2. Soil subgroup occurrences at each stand location. 

Stand  Geologic Formation Soil Subgroup 

TXNorth1 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 

TXSouth1 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. Experimental Design and Treatments 

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-1 with 10% elemental phosphorus. Treatment zones less than 0.4 

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

phosphate (18% N and 20% P), and the remaining nitrogen was applied as urea (46% N).  
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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-1. 

Herbicide application was carried out in May 2020, which we refer to as zero year since 

treatment (YST0). 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.  
 

Stand 

Nitrogen 

Application 

Rate (kg N 

ha⁻¹) 

Herbicide treatment Total Stand Level 

Herbicide No Herbicide  

TXNorth1 

0 5 8  

112 2 1  

168  2 0  

224  2 1  

280  0 0  

336  2 1 24 

TXNorth3 

0 3 2  

112 1 3  

168  0 0  

224  0 0  
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Table 3.4 (continued). 

TXNorth3 

280  1 0  

336  1 1 12 

TXSouth1 

0 2 3  

112 1 2  

168  0 2  

224  2 0  

280  2 0  

336  1 2 17 

TXSouth2 

0 2 3  

112 3 3  

168  2 0  

224  2 0  

280  0 0  

336  0 0 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 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 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 

Cohrs 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 (m²) 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 𝐿𝐴𝐼 ∗  𝑓𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟 𝑟𝑎𝑡𝑒

+ 𝑚𝑒𝑎𝑛 𝑏𝑎𝑠𝑎𝑙 𝑎𝑟𝑒𝑎 𝑎𝑡 𝑌𝑆𝑇1 +  𝑠𝑡𝑎𝑛𝑑 (3.2)
 

 

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

significance of fixed effects were evaluated using the type III analysis of variance as 



  52 

 

implemented in the anova() function (R Core Team, 2021). The estimated marginal means were 

obtained using the emmeans library (Russell, 2024).  

3.3. Results 

3.3.1. Competing vegetation detection with LiDAR 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).  

 

 

Figure 3.3. Plot LiDAR-derived Competing vegetation height per plot derived from LiDAR 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, 

TXSouth1, 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 TXNorth1 

and TXSouth1 showed moderate evidence for a difference in LAI between herbicide-treated and 

non-treated plots. 

 

 

 

 

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 LAI 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 
 

 

Herbicide application + No Fertilizer 
 

 

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 TXNorth1, with 

most values above 3 and some exceeding 3.5. TXSouth1 and TXNorth3 exhibited values above 2 

(Figure 3.8). 

 

 
 

Figure 3.8. LiDAR-derived Canopy LAI 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. TXSouth1 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 TXNorth1 and TXSouth1 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 TXSouth1 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 

Freedom 

Mean of 

Squares 

p-value 

Stand 3 8.5810^-05 <0.01 

Herbicide Treatment 1 2.6010^-05 0.04 

Fertilizer Rate 2 6.1510^-06 0.36 

Stand * Herbicide 

Treatment 3 2.5110^-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 
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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-1 (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 LAI -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:TXSouth1 
-0.00011 

0.88 

Stand:TXSouth2 -0.00772 <0.01 

Competing Vegetation * 

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 TXSouth1, 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 TXNorth1 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 TXNorth1 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 TXSouth1), 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 TXSouth1, 

TXSouth2, and TXNorth1, 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 TXSouth1 and TXNorth1 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 YST0. 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 LiDAR 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 LAI 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 YST0 may also be masking 

the effects of herbicide and fertilizer treatments (Raigosa-García 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, 2024b).  
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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.g., 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). 

𝑁𝑃𝑉 = ∑
𝑅𝑡

(1 + 𝑖)𝑡
 

𝑛

𝑡=0

 (4.1) 
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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 

(Ramírez 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 = 0 = ∑
𝑅𝑡

(1 + 𝐼𝑅𝑅)𝑡

𝑛

𝑡=0

(4.2) 

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 (Ramírez 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 m² ha-1 (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-1(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, F, H 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-1) 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).  

𝑌𝑡  = 𝑐 + ∑ 𝛽𝑖𝑌𝑡−𝑖 +

𝑝

𝑖=1

 𝜀𝑡 (4.3) 

Where 𝑌𝑡 is a vector of variables, 𝑐 is a vector of intercept terms, 𝛽𝑖 are coefficient 

matrices and 𝜀𝑡 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).  

Δ𝑌𝑡 =  Π𝑌𝑇−1 +  ∑ Γ𝑖Δ𝑌𝑡−𝑖 + 𝐶𝐷𝑡 + 𝜀𝑡  

𝑝−1

𝑖=1

(4.4) 

Where Δ𝑌𝑡 is the first difference of 𝑌, Π is a coefficient matrix containing the 

cointegration relationships. Γ𝑖 is a coefficient matrix of Δ𝑌𝑡−𝑖, 𝐶 is a coefficient matrix of the 

vector of deterministic trends 𝐷𝑡. 𝜀𝑡  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: 

𝑀𝐴𝐶 𝑜𝑓 𝑒𝑥𝑡𝑒𝑛𝑑𝑒𝑑 𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛 (
$

𝑡𝑜𝑛
) =  

𝑁𝑃𝑉𝑖 − 𝑁𝑃𝑉𝑖+𝑗

𝐶𝑎𝑟𝑏𝑜𝑛𝑖+𝑗 − 𝐶𝑎𝑟𝑏𝑜𝑛𝑖
 (4.6) 

 

𝐶𝑎𝑟𝑏𝑜𝑛 𝑀𝑖𝑡𝑖𝑔𝑎𝑡𝑖𝑜𝑛 𝑓𝑟𝑜𝑚 𝑒𝑥𝑡𝑒𝑛𝑑𝑒𝑑 𝑟𝑜𝑡𝑎𝑡𝑖𝑜𝑛 (
𝑡𝑜𝑛𝑠

ℎ𝑒𝑐𝑡𝑎𝑟𝑒
) =  𝐶𝑎𝑟𝑏𝑜𝑛𝑖+𝑗 − 𝐶𝑎𝑟𝑏𝑜𝑛𝑖 (4.7) 
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Where MAC stands for the marginal abatement cost, 

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

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

𝐶𝑎𝑟𝑏𝑜𝑛𝑖 is the carbon (tons/hectare) the year of maximum NPV (i) 

𝐶𝑎𝑟𝑏𝑜𝑛𝑖+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.  

 

 𝑀𝐴𝐶 𝑎𝑠𝑜𝑐𝑖𝑎𝑡𝑒𝑑 𝑤𝑖𝑡ℎ 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛  (
$

𝑇𝑜𝑛
) =                                                                              

                                                                
𝑁𝑃𝑉 𝑖𝑛𝑡𝑒𝑠𝑖𝑣𝑒 𝑟𝑜𝑡 𝑖 − 𝑁𝑃𝑉 𝑏𝑎𝑠𝑒 𝑟𝑜𝑡𝑏

𝐶𝑎𝑟𝑏𝑜𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑣𝑒 𝑟𝑜𝑡𝑏 − 𝐶𝑎𝑟𝑏𝑜𝑛 𝑏𝑎𝑠𝑒 𝑟𝑜𝑡𝑏
          (4.8)

 

𝐶𝑎𝑟𝑏𝑜𝑛 𝑚𝑡𝑖𝑔𝑎𝑡𝑖𝑜𝑛 𝑤𝑖𝑡ℎ 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 (
𝑡𝑜𝑛𝑠

ℎ𝑒𝑐𝑡𝑎𝑟𝑒
) =

 𝐶𝑎𝑟𝑏𝑜𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑣𝑒 𝑟𝑜𝑡 𝑏 − 𝐶𝑎𝑟𝑏𝑜𝑛 𝑏𝑎𝑠𝑒 𝑟𝑜𝑡𝑏 (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 𝑖 is the maximum NPV ($/hectare) of an intensive rotation in the year 

i,  

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

𝐶𝑎𝑟𝑏𝑜𝑛 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑣𝑒 𝑟𝑜𝑡𝑏 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 (WTI) 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 



  92 

 

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, F and 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 

Scenario 

Mean NPV in SI 26 

($/hectare) 

Mean NPV in SI 20 

($/hectare) 

Optimal 

Rotation Age 

at Site Index 

26 

Optimal 

Rotation Age 

at Site Index 

20 m 

NT, F 879 -80 31 32 

NT, F, 

H 

1050.85 -4 30 33 

NT, NF 937 -14 32 37 

NT, NF, 

H 

1063 54 31 36 

T,F 780 -25 26 28 

T, F, H 906 48 25 27 

T, NF 759 -5 28 31 

T, NF, 

H 

875 80 28 31 

T, NF, 

FC 

558 
 

28  

T, NF, 

FC, H 

653 
 

28  
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Figure 4.3. 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. 
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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.  



  96 

 

 
Figure 4.4. Expected NPV and the variance of NPV different productivity and silviculture scenarios. Red 

dots represent herbicide scenarios, while blue dots represent no herbicide scenarios 
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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 in the 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 SI 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 SI 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. 

 

 

 

 

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-

Scenario 

IRR 

(%) 

SI 26, NT, F 6.79 

SI 26, NT, F, H 7.05 

SI 26, NT, NF 6.93 

SI 26, NT, H 7.16 

SI 26, T, F 7.14 

SI 26, T, F, H 7.48 

SI 26, T, NF 7.10 

SI 26, T, NF, FC 6.49 

SI 26, T, NF, FC, H 6.72 

SI 26, T, NF, H 7.31 

SI 20, NT, NF 4.81 

SI 20, NT, NF, H 5.00 

SI 20, NT, NF 4.97 

SI 20, NT, NF, H 5 .11 

SI 20, T, F 4.96 

SI 20, T, F, H 5 .12 

SI 20, T, NF 4.94 

SI 20, T, NF, H 5 .24 
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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 SI 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).  

 

 

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 (Ramírez 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 VM0003 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.  

 

4.5.1. 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.  
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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. 
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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. 
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Figure A.3. Expected NPV and the Variance of NPV site index 26 m Different, and Silviculture 

Scenarios.  
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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). 

 

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).  
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