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ABSTRACT 

 

 

Remote sensing has become a major resource for assessing ecosystems and global 

carbon cycling. In forest applications, remote sensing data have been used to estimate 

the amount of carbon stored or lost in forests due to fire, deforestation, and 

reforestation. In particular, airborne light detection and ranging (lidar) has shown 

practical effectiveness in estimating forest variables over greater spatial extents. Using 

models developed from an association of field inventory samples with lidar data, 

attributes such as basal area, volume, and aboveground biomass can be predicted over 

larger tracts of forests, allowing for wall-to-wall mapping. Spaceborne lidar can also 

collect elevation data at broader scales and may be used to efficiently characterize forest 

structure over an even larger area of land. This work consisted of two main objectives: 

(1) to develop wall-to-wall maps of basal area, volume and aboveground biomass using 

airborne lidar for the Solon Dixon Forestry Education Center in southern Alabama, and 

(2) to investigate the Global Ecosystem Dynamics Investigation (GEDI) lidar for 

predicting forest structure over a larger spatial extent. The reference maps from chapter 

2 had modest accuracy (R2 = 0.36-0.53), with much of the unexplained model variation 

due to field data lacking complete vegetation. In the second study, models were 

developed from GEDI lidar with lower accuracy (R2 = 0.30-0.36) and the maps produced 

from GEDI footprints and auxiliary imagery had low accuracy (R2 = 0.10-0.11). The low 

accuracy was likely caused by a propagation of errors in the reference maps due to 

incomplete field inventory and could be further investigated. While lidar data are 

sufficient for forest mapping, texture variables derived from multispectral imagery are 

valuable, especially where lidar data is not spatially continuous.  
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CHAPTER 1 

1. BACKGROUND 

1.1 FOREST MENSURATION 

Forest measurements provide the foundation for understanding forest ecosystem 

dynamics, forest carbon cycling, and healthy commercial forest stewardship. Forest 

measurements, due to their relationships to conservation and commercial forest 

stewardship, became an integral part of forest management in the 18th century. The 

dynamic effects of natural systems on statically managed forests quickly led to the 

development of ecologically related forest stand measurements such as basal area (BA), 

volume, and aboveground biomass (AGB) [1,2]. In the following sections, the 

significance of BA, volume, and AGB will be described, and basic calculations will be 

presented to give context to the following studies. 

A tree’s BA is the cross sectional area of the tree stump at breast height and is the 

estimation of the amount of area a tree takes up in a given space [3]. Typically, BA is 

initially measured in individual trees in a sample plot and then multiplied by the plot 

size to get a total BA per acre value. For example, a single tree in a 0.04 hectare (ha) 

(1/10th acre) plot might have a BA of .05 m2 (0.54 ft2). This can then be multiplied by the 

plot size denominator of 25 (0.04 as a fraction equals 1/25) to get a total BA of 1.25 m2 ha-

1 (5.45 ft2 acre-1). Next, this value would be added to all of the other total per ha BA tree 
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measures, to get total BA in a hectare [3]. The importance of basal area in forestry and 

ecology cannot be expressed enough. BA can help scientists and foresters get a better 

understanding of the quality of a habitat, regeneration needs, and when to fell and 

plant trees. Previous studies have used BA to calculate total wooded area nationally and 

globally in order to produce management plans for effective forest conservation [4]. For 

example, researchers in Bangladesh [5], and in Europe [6] found a strong relationship 

between BA and carbon stores, where BA could be used as an independent variable in 

models measuring biomass for carbon stock analysis. Another researcher used BA as a 

factor to determine the growth and recruitment of longleaf pines [7]. Other studies have 

used BA to help determine extent and preference of habitat needed for various 

endangered species [8,9]. BA has also been used to measure live and dead wooded area 

due to invasive species [10,11].  

Volume is another important forest metric related to the carbon cycle, habitat quality, 

and lumber production in forest management. Forest inventory data for productive 

stands have largely relied on measurements of merchantable volume to help compute 

costs of standing timber in a forest. Furthermore, volume is key to planning 

reforestation, estimating fuel load, and collecting data on biomass for carbon storage 

[12,13]. Timber volume in forest management is commonly measured in board feet. 

Board feet refers to the number of boards in one tree, and most inventories use the 

international ¼ rule to measure board feet, as it is known to be one of the most accurate 
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measures of volume due to its ability to account for taper in a tree [14]. In some forest 

inventories, particularly those where forest volume is measured for applications beyond 

merchantable timber, regression-based equations with species specific predictor 

coefficients might be used to determine a tree’s volume [15,16]. These types of equations 

can be used to estimate the total volume of forest trees or merchantable volume based 

on timber specifications. 

AGB is a highly relevant forest metric that is crucial for determining the exchange of 

carbon between forests, soils, and the atmosphere. AGB is the amount of dry weight 

carbon in a tree, and is directly measured by destructive sampling, where a tree is felled 

and incinerated until what is left is a carbon sample that can be weighed.  However, 

AGB is often estimated with regression-based models with species specific predictor 

coefficients [17]. Regression-based allometric equations have been developed  where 

carbon is set as a dependent variable, and diameter at breast height (DBH) and tree 

height are variables whose coefficients are solved for. The result of a model predicting 

AGB is commonly measured in megagrams per hectare (Mg ha-1) and to convert the 

result to carbon, the prediction is usually multiplied by a conversion factor of 0.5 

[18,19]. AGB estimation has become a dominating topic in many scientific fields, as 

understanding carbon exchange in forests is vital for mitigating climate change. Many 

nations now require their scientific and resource departments to estimate AGB in their 

forest stands, and international committees such as the Paris Climate Accords have 
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prioritized forest-based carbon estimation in their action plans [20,21]. Because of the 

urgency for estimating forest structure, many governments and business sectors have 

investigated the use of remote sensing (RS) data, particularly light detection and 

ranging (lidar) as it can gather great swaths of 2-dimensional and 3-dimensional forest 

structure data. 

1.2 LIDAR 

Estimating forest inventory data such as BA, volume, and AGB for large areas of forests 

can often be both time consuming and costly [18,22,23]. Furthermore, inaccuracies in 

forest inventory data can occur depending on the experience of the forester [24], and 

extrapolation based on forest inventory plots can cause inaccuracies due to site specific 

geographic differences across a swath of land. In an ideal world, conducting forest 

inventories would be highly accurate while accruing little to no cost. Lidar data has 

been shown to minimize the tradeoff between time/cost and accuracy, with minimal 

bias [25,26], and has shown success in forestry applications, particularly when 

combining lidar returns measuring height with stand measurements such as BA, 

volume, and AGB [11,27]. Lidar systems emits laser pulses over the desired area being 

measured, and records the time and distance the photons traveled from the ground and 

back to the apparatus to compute heights of various objects [28–30]. The earliest uses of 

lidar technologies began in the 1960’s where the goal was to obtain high accuracy 

digital terrain models (DTM) for geographic and geological studies; above ground 
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vegetation returns were considered noise and typically removed [31]. In the 1980’s, 

researchers began using tree return points previously classified as noise, to classify 

heights of canopies [32]. From here, lidar in forestry applications exploded, and further 

methods to measure stand metrics were developed throughout 1980’s using height and 

canopy metrics derived from lidar. In 1982, researchers demonstrated that there was a 

very strong relationship between basal area and volume to lidar derived height metrics, 

especially maximum canopy height related to biomass [33]. Other researchers showed 

that total forest biomass and volume could be calculated within 2% of the actual mean 

biomass or volume [34]. Improvements in acquiring accurate data improved 

throughout the 90’s and early 2000’s as researchers began experimenting with variation 

in flight specifications (height from ground, overlap of flight lines, etc.) [35]. As the 

technology and resources for acquiring and using lidar become both more advanced 

and more available, high-resolution mapping large areas of forests can lead to more 

accurate forest measurements such as volume and BA [11,28].  

Lidar remote sensing applications in forestry have used terrestrial, spaceborne and 

airborne lidar measurement devices [30,36]. However, many projects often use airborne 

lidar, which uses a lidar system attached to an aircraft to scan forests in tracts [37]. 

Collecting data in tracts is highly advantageous because it allow researchers to gather 

large amounts of continuous data in a specific location with varying degrees of 

accuracy, overlap, and costs [26,30,38]. While airborne lidar has a range of accuracy and 
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costs, high resolution data are becoming more available and more affordable, such as 

the free datasets from United States Geological Survey (USGS)  3D Elevation Program 

(3DEP) [39]. Future developments from the USGS include implementing a lidar 

collection device to NAIP imagery missions to meet both temporal and resolution 

requirements by programs such as the Forest Inventory Analysis (FIA) [11]. However, 

until then, there will be downfalls of airborne lidar that are primarily concerned with 

the fact that the device collecting the data is attached to an aircraft whose limiting factor 

is fuel [11]. In other words, only so much lidar data can be collected in one flight, and it 

often takes many flights to acquire large amounts of data, resulting in potential changes 

in forest characteristics over the time it takes to acquire usable data [40]. Furthermore, 

airborne lidar systems are limited by their geometry, velocity, and flights must be done 

in relatively descent weather [41]. This is where the potential of spaceborne lidar 

becomes valuable. Spaceborne lidar collects elevation measurements over larger swaths 

of area because the system is mounted to a satellite that orbits the earth, and data can be 

viewed in many spatial scales [11,41,42]. Spaceborne lidar also typically collects tracts 

with more than one laser beam and the tract path is continuous and linear, defined by 

the orbit of the satellite [23,43,44]. The potential for spaceborne lidar is great when large 

datasets are needed, but falls short when specific areas need to be measured outside of 

the satellites path, unless models can be derived from reference maps and further 

interpolated or extrapolated across an extent using auxiliary data [11]. Furthermore, to 
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the knowledge of the authors, no space-based lidar model has been developed 

specifically for estimating merchantable volume and AGB across an entire extent. The 

following literature review will discuss the progress made in mapping BA, volume, and 

AGB using airborne and space-based lidar, and how the studies produced in this thesis 

address gaps in the literature. 

2. LITERATURE REVIEW 

Forest applications of airborne lidar are well established, and particularly useful for 

estimating forest metrics in homogenous species forest stands and forest plantations. 

For example, an early study in forests dominated by Western Hemlock (Tsuga 

heterophylla) and Douglas Fir (Pseudotsuga menziesii) in the Western U.S., researchers 

estimated canopy heights, BA, AGB, and leaf biomass with coefficients of determination 

of 0.95, 0.96, 0.96, and 0.84 respectively [45]. Typical of many studies estimating forest 

metrics, this study used a linear regression approach with lidar height variables which 

explained most of the variation in BA and AGB. In estimating timber volume in Spruce 

(Picea abies) stands in Norway, researchers demonstrated promising results using a 

linear regression model developed from the mean height of lidar returns [13]. The linear 

regression approach was the standard for much of the early 2000’s, and ultimately this 

led many researchers to experiment with different variables in their models for 

predicting forest metrics. Typically, a height variable, a canopy cover variable, and a 

variable describing the density or variation in the canopy and understory are sufficient 
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for modeling forest metrics such as BA, volume and AGB [46]. However, in some cases, 

other variables are needed to explain forest structure, such as crown structure imputed 

from individual tree detection [47] or height percentiles which have become a standard 

for forest structure estimation [37,48,49]. More recently, researchers have been 

leveraging non-parametric machine learning algorithms such as Random Forests [50] to 

map BA, volume and AGB. These types of modeling techniques, particularly Random 

Forests, have been favored recently for their ability to deal with collinearity and 

variance inflation, and are also known for having less bias [51] and prediction accuracy 

comparable or better than linear regression modeling [52,53]. For example, one study 

compared the accuracy of multiple linear regression, Random Forests, Gradient Nearest 

Neighbor, and Independent Component Analysis for estimating tree density and BA in 

North-Central Idaho and found that the Random Forests algorithm outperformed the 

other algorithms (R2 = 0.78) [51]. In estimating forest structure for tree species most 

similar to those in this thesis, researchers developed models for BA and volume using 

the Random Forests algorithm, and airborne lidar in Longleaf Pine (Pinus palustrus) and 

Loblolly Pine (Pinus taeda) plantations in Brazil and had very high accuracies (R2 = 0.93 

and 0.97 respectively) [54,55]. The most important variables in these random forests 

models are typically just two to three variables such as canopy height, canopy cover, 

and a variable that describes the variation in forest density [56,57]. On the flip side, a 

number of studies have shown that ALS estimation of forest structure is difficult when 
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forest stands are highly variable in structure and species composition. For example, in 

deciduous mixed forests of Ontario Canada, researchers estimated BA with much 

poorer results than those in other forest types (R2 = 0.29), reporting that the correlation 

between BA and tree heights varies particularly in forests where species composition is 

very high [58]. Other studies have shown comparable results in mixed species forests. 

An early study in the Southern Georgia used lidar to estimate AGB and volume with 

modest results (R2 = 0.52 and 0.55 respectively) noting that high variation in site specific 

growth influencers had a strong effect on the diameter of trees measured, and that 

variation in species composition introduced error into the models [34]. Another study 

estimated biomass over dense tropical forests, and reported that when their model was 

tested on an independent dataset, their model’s predictive capabilities were poor [59]. 

While authors did not report the statistical results of the model, another study 

attempted to validate their own estimates with those of the previous study and found 

poor comparisons (R2 = 0.28) [60]. The difficulty in estimating metrics in these diverse 

forests necessitates the exploration of additional variables that can help improve forest 

modeling.  

Multispectral imagery has shown varied success in estimating BA, volume and AGB in 

forest stands and variables from this type of remote sensing application are numerous. 

A study in Georgia and Alabama used a machine learning approach to estimate BA in 

pine stands using texture metrics derived from multispectral imagery and found 
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modest results [61]. Again, however, the authors of this study noted that many of the 

errors associated with their models were due to the forest stands being composed of a 

high diversity of species. In another instance, the same researchers compared predictive 

models of lidar variables to those of  multispectral imagery and found that the 

multispectral imagery models produced comparable results to the lidar based models 

[26]. These conclusions draw attention to a possibility for modeling forest structure 

using both lidar and multispectral imagery variables to improve estimates of forest 

structure in forest stands in southern Alabama. If such a study can produce more 

accurate predictive models of forest structure, then higher quality reference maps can 

be developed for upscaling forest structure estimates across greater extents using space-

based lidar and imagery. 

Although airborne lidar has proven to be highly effective in mapping forest metrics, 

space-based lidar has the ability to quickly gather data across a greater distance [30]. 

Using spaceborne lidar in this way is relatively new when compared to methods using 

airborne and terrestrial lidar, but has shown effectiveness in estimating forest metrics, 

and a number of approaches have been demonstrated for estimating forest structure 

using space-based lidar. Estimating forest metrics within the boundary of the laser spot 

on the Earth’s surface (otherwise known as a footprint) along the satellite’s track is the 

most common method, and usually produces highly accurate results. For example, 

estimates of AGB across the continental U.S. and Mexico using spaceborne lidar and 
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field data were able to estimate aboveground biomass within 1% accuracy of the field 

estimated biomass [22], though this method did not produce geographically continuous 

estimates, but instead predicted AGB within the pulses gathered by the space-based 

lidar system. Similarly, a study in East Texas compared footprint level estimates of AGB 

between satellite lidar and airborne lidar and found a very strong correlation between 

the two (r = 0.98). However, effective mapping requires more data than footprint level 

estimates [62]. Another method for estimating forest structure is to use the footprint-

level estimates and extrapolate them to produce a continuous map. This approach 

usually involves the use of ancillary data such as imagery or radar, whereby space-

based lidar estimates of forest structure can be related to imagery or radar values and 

further upscaled across the extent of the study area. Estimates of AGB and volume in 

these studies have varied results. For instance, a study estimating AGB in East Texas 

using airborne lidar, satellite lidar and imagery data found modest to good results in 

forest mapping, and noted that if field inventory had been available to calibrate the 

satellite model, higher accuracy could be achieved [63]. A three-phase approach where 

mapping is achieved via synthesis of field inventory based airborne lidar models, 

satellite lidar, and imagery could achieve better accuracy. One study using this 

approach demonstrated good accuracy (R2 up to 0.76) in estimating AGB in North 

America, however the resolution of their outputs was somewhat coarse (250 m) [22]. 

Furthermore, most studies using this three-phase approach do not estimate commercial 
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forest metrics based on the cruise specifications that most forestry companies do. In a 

study done in commercial stands, merchantable timber measurements were used to 

attempt modeling biomass [59], however, another researcher attempting to validate this 

map pointed out later that the map was highly inaccurate due to measurements of 

biomass being derived from merchantable heights, and weighing models heavily on BA 

[60] (though researchers have found that biomass estimations should use BA measures 

that are closely correlated to height metrics, which can be difficult in mixed species 

stands [58]). These researchers further point out that highly accurate field data acquired 

by means of consistent mensuration techniques are needed in order to model forest 

characteristics from spaceborne lidar, and that caution should be taken when measuring 

forest structures from merchantable measures due to a variety of biases and errors 

associated with reference maps [60]. When data for global ecosystem science is desired, 

or large amounts of forest mensuration data are required for forestry production, 

spaceborne lidar has the potential to save massive amounts of time in data collection 

and collaboration efforts [30]. Furthermore, new space-based lidar platforms offer 

products that may be useful for calibrating merchantable forest models (these products 

will be touched on in the coming sections). Two notable spaceborne lidar missions 

include the Ice Cloud and land Elevation Satellite (ICESat) and ICESat-2 missions.  

Launched in 2003, ICESat was developed with the objective of measuring changes in ice 

thickness, elevation and distribution. Aboard ICESat was the Geoscience Laser 
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Altimeter (GLAS) which was a lidar system with three lasers that fired 1064 nm pulses, 

operating one laser at a time, and a nominal footprint of about 65 meters [64]. 

Researchers have demonstrated the ability of GLAS for measuring vegetation [64,65]. 

For example, the ability of ICESat to estimate volume has been demonstrated over large 

extents of Siberia  [66], and in other work ICESat data has been used to measure 

biomass and canopy cover [22]. While useful for estimating the cryosphere, ICESat was 

ultimately not optimized for forest measurements. For example, it’s large footprint and 

low pulse density resulted in inaccuracies and the inability to map at higher resolutions. 

ICESat finished its mission in 2009, after a series of complications with GLAS, leading to 

the development of ICESat-2 [65]. 

ICESat-2 was launched in 2018, largely with the objective of continuing the ICESat 

mission [65]. Unlike ICESat however, the lidar device aboard ICESat-2 were upgraded. 

Instead of one laser being used at a single time with a 65-meter footprint, ICESat-2 has 

six beams, producing a < 17-meter footprint. The six beams are produced in pairs, 

allowing for greater measures in the change of elevation and spatial coverage [65]. 

Researchers can use this finer resolution to produce more accurate maps of forest 

attributes. For example, researchers have used ICESat-2 data to estimate aboveground 

biomass (ABG) and canopy cover in East Texas forests [42], and researchers in 

Northeastern China have used a machine learning approach to estimate canopy heights 

[67]. Data collection from spaceborne lidar is new however, with satellites such as 
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ICESat-2 being launched in just 2018, so there is a need to develop more methods with 

the ability to properly implement spaceborne lidar datasets into forest ecosystem 

science and forest management [11]. Furthermore, like the first ICESat mission, ICESat-2 

is optimized for estimating properties of the cryosphere.  

Another spaceborne lidar mission, Global Ecosystem Dynamics Investigation (GEDI), 

has also recently launched in 2018 with available data being published in 2020 [43]. 

GEDI lidar data currently contains the greatest density of footprints of any spaceborne 

lidar device, allowing users even greater accuracy in their predictive models and 

mapping at finer resolutions [43,68]. Furthermore, GEDI offers products that may be 

useful for calibrating models estimating merchantable volume and AGB, such as the 

L4A footprint level aboveground biomass density product (AGBD) [69]. A potential 

method for acquiring reference estimates of forest measurements using GEDI lidar 

could be a three step method where 1: forest measurements are collected on the ground, 

2: airborne lidar height and canopy data is gathered, and by means of regression 

models (created from lidar and ground data), maps estimating forest measures are 

developed, and 3: spaceborne estimates developed from regression models (created 

from airborne predictive reference estimates) and extrapolated using imagery data [70]. 

At the time of this writing, there are few publications that have developed models 

predicting AGB using a three-phase approach, and to the knowledge of the authors, 

there are no publications that have mapped merchantable timber volume using data 
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acquired from GEDI. This study will use plot inventory data combined with airborne 

lidar data to develop a predictive reference map by means of linear regression modeling 

that can facilitate the development of prediction models for large-scale forest 

management AGB and volume using data collected from GEDI. While Sentinel-2 

imagery will be used to delineate vegetation and non-vegetation as a processing step, 

vegetation indices will be considered for modeling.  

3. OBJECTIVES 

This study occurred in southern Alabama for an extent across the Solon Dixon Forestry 

Education Center SDFEC in the southern United States. The SDFEC is a research and 

education station managed by Auburn University used to train students in forestry and 

wildlife sciences. Located in the Southern Plains ecoregion, the SDFEC is dominated by 

mixed pine forests and a humid sub-tropical climate. The aim of this study was to 

develop predictive reference maps of AGB, volume and basal area in the SDFEC. This 

was achieved using open source airborne lidar, and the maps will be used to further 

investigate the predictive abilities of GEDI for further estimating merchantable volume, 

and AGB. The two primary objectives were to: 

1. Develop reference maps of BA, volume and AGB within the SDFEC study site.  

2. Evaluate the potential of GEDI spaceborne lidar for forest mapping of AGB and 

volume. 



24 
 

Objectives 1 and 2 are described in further detail in Chapters 2 and 3 respectively. 

Objective 1, the development of predictive reference maps using airborne lidar, is 

outlined in Chapter 2. Likewise, Objective 2, the evaluation of GEDI lidar for mapping 

at greater extents is presented in Chapter 3. These studies are intended to be stand-

alone studies, one of which has been published in a peer-reviewed journal (Remote 

Sensing), and the other is under preparation for submission to a peer-reviewed journal 

publication. Finally, the conclusions of this study are presented in Chapter 4 where the 

significance of the data from both studies is discussed. A discussion within the 

conclusion examines pitfalls, limitations, and future work needed to expand and 

contribute to this field of study. 
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CHAPTER 2 

USING AIRBORNE LIDAR, MULTISPECTRAL IMAGERY, AND FIELD INVENTORY 

DATA TO ESTIMATE BASAL AREA, VOLUME, AND ABOVEGROUND BIOMASS IN 

HETEROGENEOUS MIXED SPECIES FORESTS: A CASE STUDY IN SOUTHERN 

ALABAMA 

Brown Schyler, Narine L. Lana, Gilbert John, 2022, Remote Sensing, 14, 2708 

https://doi.org/10.3390/rs14112708 

1.INTRODUCTION 

Estimates of forest inventory such as basal area (BA), volume, and aboveground 

biomass (AGB) across large tracts of land provide foresters and ecologists the 

information necessary to form and implement management strategies at both small and 

large scales [1,2]. For example, BA (a measure of the cross-sectional area of a tree at 

breast height) has traditionally been used to manage naturally regenerated forest stands 

for timber production. BA is also linked to other forest metrics and can be used to 

estimate volume and biomass [3–6]. BA can also be a useful forest measurement for 

ecological studies, and a perfect example to demonstrate this point is found in longleaf 

pine (Pinus palustris) forests in the U.S. Southeast. In the U.S. Southeastern, it is not only 

necessary to know the amount of wooded area of the longleaf pine for conservation of 

the species, but Red-Cockaded woodpeckers (Leuconotopicus borealis) depend on a 

balance of longleaf pine basal area and stand density that are suitable for cavity nesting 
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[7]. BA is also useful for examining the amount of woody area infested by various 

species of invasive insects across large areas [8]. Volume is a measure used by foresters 

to estimate the cubic amount of wood on an area of land [9,10]. An estimate of volume 

can give foresters an estimate of the dollar value of the standing timber they are 

cruising. Volume is also associated with the persistence of invasive species, and having 

estimates of volume can help foresters better manage both timber product and 

ecosystem health through stem and growth stocking projections [11]. AGB is the dry 

weight of carbon stored within forest trees above the ground and is measured in Mg 

ha−1 [12]. In ecological studies, AGB is a known driver of the species composition of an 

ecosystem, and maps of AGB can give ecologists insights into the distribution and 

composition of organisms across great extents [13]. Because AGB is an estimation of the 

carbon stored in the trunks of trees, it is critical to understand the role forests play in 

carbon cycling and climate change. Accurate estimates of AGB can help nations develop 

strategies to meet goals set by international agreements for climate change, such as 

those outlined in the Reducing Emissions from Deforestation section of the Paris 

Climate Agreement [14], and contributing action inventories such as the National 

Greenhouse Gas Inventories report [15]. Often it can be difficult or impossible to 

accurately estimate AGB without destructively sampling trees in a forest, and allometric 

equations developed from field inventory estimating BA, volume, and AGB can fail to 

account for variables that affect them across a large landscape, such as site index and 
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crowding, among other local factors [2,16]. Inconsistencies in forest inventory methods 

across the U.S. also cause inaccuracies in regional estimates, as inventory methods are 

frequently tailored for project-specific goals and thus have differing methods for 

measuring [17–19]. Lastly, estimates of forest measurements across large areas using 

traditional mensuration approaches can be time-consuming and costly, and in some 

instances, variation in landscape features can cause dangers in field work and 

inaccuracies in estimates [16,18,20–22]. Remote sensing (RS), particularly light detection 

and ranging (lidar) estimates of BA, volume, and AGB, may overcome these limitations 

and can produce comparable [23] and more accurate results [24] compared to field-

based estimates of large-area forest inventory. 

Lidar, an RS method that uses laser scanning to acquire three-dimensional information 

over the desired area [25], provides an alternative approach to estimating forest 

inventory metrics [1,21]. By using lidar, forest characteristics such as tree heights and 

canopy cover can be directly estimated, and other measures such as BA, volume, and 

AGB can be estimated by means of modeling using a variety of metrics derived from 

directly measured height and canopy cover [26,27]. The most commonly used approach 

to modeling BA, volume, and AGB from lidar data is by developing a multiple linear 

regression from field inventory and lidar variables [28]. Often the best subsets 

approach, such as forward or backward selection, is used to determine a model with 

variables that best explain the dependent variable and further validated using a cross-
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validation or set validation approach [27,29,30]. These models usually contain at least 

one variable explaining tree height, another explaining canopy cover, and another that 

accounts for variation in the data, such as a height standard deviation variable [6,31,32]; 

however, the variables in these models may differ depending on the study site and the 

foliage type being measured [28,33,34]. Estimates of BA, volume, and AGB can also be 

acquired from non-parametric machine learning approaches such as random forest 

(RF), a machine learning algorithm that uses random and iterative samples of the data 

to produce regression trees and bootstraps data for robust predictive models [35–37]. 

Estimating forest metrics may be performed by using an area-based approach or a tree-

level approach, and previous studies modeling BA, volume, or AGB have seen success 

in both approaches. For example, in estimating forest attributes from individual trees, 

researchers found that BA, volume, and tree heights of longleaf pine in Georgia, U.S., 

could be estimated with accuracies of r2 = 0.18, 0.94, and 0.96, respectively [38]. The 

results for estimating volume and tree heights of individual trees are promising, and the 

poor results for estimating BA were explained by the loss of height-diameter allometry 

in southern pines above 25 m. In another study, researchers estimated BA for a 

plantation of loblolly pines (Pinus taeda) (another southern pine species) using an area-

based approach and were able to achieve accuracies of r2 = 0.97, and noted that the 

highly homogeneous environment of the pine plantations that the trees were grown in 

likely led to such high accuracies [27]. Using an area-based approach across a large area 
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can be beneficial in that it reduces the amount of processing required by the computer. 

Similarly, variables can be derived from multispectral imagery, such as the normalized 

difference vegetation index (NDVI) and texture co-occurrence, which have also proven 

useful for modeling [34]. While predictive modeling using variables from either lidar or 

multispectral imagery has been successful in many cases, particularly in northern and 

western forests where pine species dominate [17,30], more difficulty is found in 

estimating forest inventories in heterogeneously mixed forests [28,34,38]. This, in 

addition to the perceived cost of remote sensing data, has caused delays in adopting RS 

technology for use in some forest inventories. However, the combination of lidar data, 

multispectral imagery, and field data for modeling could improve estimates of BA, 

volume, and AGB in mixed forests [39–41]. Furthermore, open-source data are 

becoming more available and can be used for forest inventories in place of otherwise 

expensive data sources. Finally, the implications of achieving accurate estimates of 

forest inventory metrics go beyond timber cruising and carbon estimation alone. By 

achieving wall-to-wall estimates of forest inventory metrics, past and future data can be 

compared for forest management techniques and landscape ecology analysis. Most 

importantly, the wall-to-wall maps produced in this study can be used as base maps for 

validation of satellite lidar data produced by systems such as the Global Ecosystem 

Dynamics Investigation (GEDI) lidar aboard the International Space Station (ISS) [42]. 

The goal of this study was to produce wall-to-wall estimates of BA, volume, and AGB 
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in a southern mixed-species forest using open-source RS data. This goal was achieved 

by meeting the following objectives: 

A. Determine whether the addition of variables derived 

from multispectral imagery to models previously 

including only lidar derived variables can improve 

estimates of BA, volume, and AGB; 

B. Determine what variables are useful for modeling each 

forest metric (BA, volume, AGB) for Southern mixed 

forests. 

If sufficiently accurate, models predicting forest inventory metrics can be used a 

number of times in forest inventory [17], and final wall-to-wall map outputs can be 

used for the validation of satellite data. 

2.MATERIALS AND METHODS 

2.1STUDY AREA 

The study area is a 35.35 km2 site in Covington and Escambia counties, Southern 

Alabama (Figure 1). The site is within one of seven-level III ecoregions in Alabama, 

known as the Southern Plains ecoregion (ecoregion 65), whose natural vegetation is 

described as southern mixed pine forests and whose geography includes rolling hills 

and a warmer temperate climate [43]. The region can be further described at the level IV 
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ecoregion (65f) as having loamy acidic soils and dark tea-colored streams with mixed 

forests interspersed with pine plantations [43–45]. Southern pine species that persist 

and typically dominate in this region include Longleaf pine (Pinus palustris), Shortleaf 

pine (Pinus echinate), Slash pine (Pinus elliottii), Loblolly pine (Pinus taeda), and Virginia 

pine (Pinus virginiana). The mean elevation of the study site is 59.47 m, with a minimum 

and maximum elevation ranging from 25 to 99 m, respectively, and it receives 

approximately 135 cm of rainfall a year. Within the study area is the Solon Dixon 

Forestry Education Center (SDFEC), a multi-use facility (outreach, extension, teaching, 

and research) primarily focused on providing hands-on field training to university 

students. Forest inventory data for this study come from the SDFEC and are described 

in more detail in the following sub-sections. 
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Figure 1 Study site with SDFEC property boundary and field plots represented by neon green circles, ESRI "World Imagery"   
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2.2INVENTORY DATA  

The SDFEC consists of both naturally regenerated and planted pine, hardwood, and 

mixed pine-hardwood forest stands intended for timber production. Forest inventory 

data from the SDFEC were collected from 1048 circular plots of 0.04047 hectares (1/10th 

acre) size in 304 forest stands (see Figure 1). The number of plots used in this study was 

reduced from 1048 to 523 to include only plots that were inventoried within two years 

of the 2017 lidar and imagery data acquisition. Plots are generated using TCruise 

software [46] at approximately one plot per 0.4047 hectares (one plot per acre) with a 

distance between plot centers of approximately 44.20 to 51.82 m (145.0 to 170.0 ft). The 

data included latitude and longitude of plot centers, plot area (0.04047-hectare plots), 

merchantable timber heights of individual trees (meters), diameter at breast height for 

individual trees (centimeters), and plot BA (m2 ha−1). The plot volume (m3 ha−1) and plot 

sum of AGB (Mg ha−1) were later calculated (see processing approach). The SDFEC uses 

lumber mill specifications when taking plot data on a forest inventory cruise. Trees 

surveyed in a plot must meet a minimum diameter at breast height (DBH) of 11.68 cm 

(4.598 inches) for a 12.70 cm (5.0 inches) class while being at least 4.600 m in height to a 

7.620 cm (3.000 inches) top. Trees within plots that do not meet these specifications are 

not tallied. Furthermore, the SDFEC only tallies trees that local forest product mills are 

buying, so a variety of species, including Eastern Red Cedar (Juniperus virginiana) and 

Southern Black Cherry (Prunus serotina), are not counted. 



41 
 

2.3AIRBORNE LIDAR 

Airborne lidar data used in this study come from the United States Geological Survey 

(USGS) 3D Elevation Program (3DEP) [47]. The 3DEP is an open-source program 

originally designed to collect three-dimensional geographic elevation data for a given 

landscape; however, the data have been used in many fields, including forestry and 

ecology. The data used in this study were collected by a Leica ALS70-HP RS device 

mounted in a fixed-wing position aboard Cessna and Partenavia aircrafts. 

Characteristics of the flight included a scan angle of 45 degrees, a flight height of 2000 

AGL meters, and a speed of 130 kts. Lidar scanning characteristics included a 1 m 

footprint, a pulse density of 2.4 pls/m2, and a scan frequency of 35.1 Hz. The scan 

pattern was triangular. Fifty-four lidar files containing point cloud data collected in 

2017 were downloaded from 3DEP using UGet software [48]. Each file contained a las 

and/or laz tile with associated metadata. 

2.4MULTISPECTRAL IMAGERY 

Multispectral imagery data were acquired from Copernicus Sentinel-2. The Copernicus 

Sentinel-2 mission was developed by the European Space Agency (ESA) with the 

purpose of providing global and continuous land cover data in addition to map 

products such as change detection products and land cover maps. The mission aims to 

provide data for studies focused on climate change, land management, and security 
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[49]. Leaf-on and leaf-off Sentinel-2A Level-1C (L1C) top-of-atmosphere (TOA) 

reflectance orthoimages were downloaded from USGS EarthExplorer for the dates 

19.VII.2016 and 24.II.2017. L1C products are derived from the L1B product and use 

radiometric and geometric corrections to produce the final product. The downloaded 

Sentinel-2 imagery consists of a ten-day, ten-meter spatial resolution for four spectral 

bands, including blue band 2 (490 nm), green band 3 (560 nm), red band 4 (665 nm), and 

NIR band 8 (842 nm). Imagery for this study consisted of less than twenty percent cloud 

cover. 

2.5DATA PROCESSING APPROACH 

Basal area, volume, and AGB were calculated from field inventory data. Variables were 

derived from lidar and multispectral imagery for the study site. These variables were 

also extracted from within the boundaries of the field inventory plots for further 

modeling. A workflow is displayed in Figure 2. 
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Figure 2 Data Processing and Workflow 
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2.6FIELD INVENTORY 

Equations for calculating plot BA, volume, and AGB are shown in Equations (1)–(3), 

respectively [4,10,12]. Summary statistics of the forest inventory are displayed in Table 

1. 

Table 1 Summary statistics of inventory plots for BA, volume, and AGB. Calculated from allometric equations. 

 BA (m2 ha−1) Volume (m3 ha−1) AGB (Mg ha−1) 

Min 1.583 4.253 5.498 

Max 45.92 412.8 226.4 

Mean 18.33 193.7 80.84 

Std. dev. 7.121 68.53 33.27 

 

Basal area was calculated using the following equation 

Sum of BAn = ∑((0.00007854 × DBH2)/0.04)i  (1) 

where DBH is equal to the diameter (centimeters) at breast height (1.30 m), 0.00007854 is 

a forester’s constant (calculated from π/(40,000)) that converts centimeters to meters 

squared, and “i” is a tree within plot n [4]. The summed BA per plot was then 

calculated on a per hectare basis by dividing the value by the plot size (0.04 ha). 

In order to match specifications from the DBH and height data from the SDFEC, a 

merchantable volume equation (Equation (2)) was used to calculate volume on a per 

hectare basis for hardwoods and pines 
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Sum of Volume (m3 ha−1) = ∑(α + β(DBH2 × Ht))i (2) 

where α and β are species-specific parameters estimated from the equation [10]. In this 

study, species were broadly grouped into pine and hardwood groups. For pines, the 

longleaf pine parameters were used because they constitute the majority of pine BA, 

and for hardwood species, the “unknown hardwood” parameters were used because 

species-specific information for hardwoods was unavailable. The parameters for each 

group are displayed in Table 2. Lastly, DBH is equal to the diameter at breast height 

(centimeters), and Ht is the merchantable height of the tree. 

Table 2 Species-specific parameters for calculating volume 

 Pines Hardwoods 

α −0.4432 0.8235 

β 0.002165 0.001630 

 

Finally, aboveground biomass was calculated on a per hectare basis using the following 

Sum of AGB (Mg ha−1) = ∑(Exp(β0 + β1 ln DBH)) (3) 

where β0 and β1 are species specific parameters (Table 3) [12]. 

Table 3 Species-specific parameters for calculating AGB 

 Pines Hardwoods 

β0 −2.536 −2.480 

β1 2.435 2.483 
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2.7LIDAR 

Lidar data were processed using LASTools [50] and FUSION [51] software. In 

LASTools, aboveground tree heights were computed by normalizing points classified as 

ground returns and measuring the vegetation above ground points. Point cloud data 

were then clipped to the extent of field inventory plots in ArcGIS Pro. In FUSION, 

height and canopy metrics were calculated based on the normalized point cloud and the 

clipped plots. Plot field inventory data were combined with lidar metrics for modeling. 

The slope was calculated from a DEM derived from the point cloud and extracted per 

plot in ArcGIS Pro [52]. 

2.8MULTISPECTRAL IMAGERY PROCESSING 

Sentinel-2 imagery data were used to derive multispectral variables of interest, 

including normalized difference vegetation index (NDVI) and second-order co-

occurrence texture (Table 4). NDVI is known as a greenness vegetation index ratio with 

a range of −1 to 1 [54]. NDVI was calculated in ENVI [53] using the following equation 

NDVI = (NIR − Red)/(NIR + Red) (4) 

where NIR and red are the near-infrared and red band layers derived from the imagery. 

Second-order co-occurrence texture shows the relationship between one pixel value and 

its surrounding neighbors based on distance and angularity [54]. These metrics and 

NDVI were derived in ENVI as 20 m pixel resolution rasters. The means of these values 
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were further extracted from the zone of each field plot in ArcGIS Pro using the zonal 

statistics as a table tool in ArcGIS Pro. 
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Table 4 Variables used in modeling. Note that repetitive variables such as height percentiles and texture 
metrics for each of the 4 bands were grouped to reduce table size. 

Variable Description 

1 Max 
Maximum height for a tree in a 

given plot 

2 Mean Mean height of trees in a given plot 

3 Variance Variance of tree heights in a plot 

4 ElevCV Co-variance of heights in a plot 

5 p10, 25, 50, 75, 90, 95, 99 Height percentiles of trees in a plot 

6 cancovA % first returns above 4.6 m 

7 cancovB % all returns above 4.6 m 

8 dens_0_10 Count of returns within 0–10 m 

9 dens_10_15 Count of returns within 10–15 m 

10 dens_15_20 Count of returns within 15–20 m 

11 stddev Standard deviation of tree heights 

12 con_1,2,3,4 
Texture contrast for bands 

r,b,g,NIR 

13 cor _1,2,3,4 
Texture correlation for bands 

r,b,g,NIR 

14 dis _1,2,3,4 
Texture dissimilarity for bands 

r,b,g,NIR 

15 ent _1,2,3,4 
Texture entropy for bands 

r,b,g,NIR 

16 hom _1,2,3,4 
Texture homogeneity for bands 

r,b,g,NIR 

17 mean_1,2,3,4 Mean texture for bands r,b,g,NIR 

18 secmom_1,2,3,4 
Angular second moment for bands 

r,b,g,NIR 

19 var_1,2,3,4 
Texture variance for bands 

r,b,g,NIR 

20 NDVI NDVI within a plot 

21 Land_cover 
Landcover classes including 

Deciduous, Evergreen, and Barren 

22 Slope 
Slope calculated as a degree of 

inclination 

 

 



49 
 

With a temporal resolution of 10 days, Sentinel-2 data have the advantage of leaf-on 

and leaf-off acquisitions and made it possible to develop a landcover map 

distinguishing coniferous and deciduous vegetation in the SDFEC. This was achieved 

by stacking four bands (blue, green, red, and NIR) from each season (leaf-on and -off) 

and a canopy height model (CHM) derived from the lidar together, resulting in a nine-

band image. Regions of interest were gathered from bands representing leaf-on and 

leaf-off years, and by using maximum likelihood supervised classification, a landcover 

map was produced with the following cover types: water, barren land, agriculture, 

deciduous vegetation, and evergreen vegetation. A confusion matrix was used to assess 

the accuracy of the supervised classification. The kappa coefficient, an indicator of how 

the classification of an image compares to ground truth data, was computed from the 

confusion matrix. This value ranges from 0 to 1, where 0 suggests that no none of the 

pixels were correctly classified, and 1 indicates that all pixels were correctly classified. 

The kappa for the classified image was 0.74, and the user accuracies were highest in the 

water and evergreen classes (user accuracy > 0.95), with the most confusion occurring in 

the agricultural and barren land cover classes. The highest producer accuracy occurred 

in evergreen and deciduous classes (0.73 and 1.00, respectively). Land cover types were 

extracted from each forest inventory field plot. A plot was then assigned a land cover 

type based on the dominant land cover type in that plot. Table 4 lists the 52 lidar, 

spectral, textural, and land cover metrics used in this study. 
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2.9DATA ANALYSIS 

Two modeling approaches were applied for predicting BA, volume, and AGB: multiple 

linear regression and Random Forest (RF). Both modeling approaches were 

implemented using the R programming language in RStudio [55]. Before modeling via 

linear regression or RF, the categorical landcover variables needed to be dummy coded 

to be used in linear regression modeling. Therefore, two data sets were created for each 

dependent variable (BA, volume, and AGB), one with dummy coded land cover 

variables and one with categorical land cover variables. 

2.10REGRESSION MODELING 

For the multiple linear regression approach, the regsubsets function from the leaps 

package in R [56] was used to select variables and develop models for BA, volume, and 

AGB using forward and backward selection. In forward variable selection, a model is 

produced by starting with one variable and adding variables to the model until the best 

possible model is produced. Conversely, the backward variable selection includes every 

variable in the model and removes a variable until the best model is selected. The best 

five models were developed for up to the best five variable models based on the highest 

r2, lowest Mallow’s cp, and lowest Bayesian Information Criterion (BIC). A Breusch–

Pagan test determined that the response variables were not normally distributed, so a 

log transformation was applied to each [57]. In order to avoid multicollinearity, 
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variance inflation factors (VIF) were calculated for each variable in each model, and 

models whose predictor variable’s VIFs exceeded 10 were be removed [58]. A threshold 

of 0.05 was used to determine variable significance. 

2.11RANDOM FOREST 

RF is a non-parametric machine learning modeling technique that uses random bagging 

and a bootstrap sample of the data to create a number of user-specified trees that vote 

on the best model parameters at each node of each tree [35]. The major benefit of RF in 

this study is that it can handle a large number of variables and work with data that may 

otherwise push the boundaries of the assumptions made by multiple linear regression, 

such as the assumption that there is no multicollinearity. The “RF” function in the 

ModelMap, a package in R [59], was used for modeling BA, volume, and AGB. This 

package easily allows users to input data and tune hyperparameters to obtain a 

specified raster output. Important user set hyperparameters for RF include the mtry and 

ntree parameters. The mtry parameter is the number of randomly selected variables at 

each node and was automatically optimized. The ntree parameter is the number of trees 

grown in the model and was set to 500 trees. After model building, the model can be 

used to predict BA, volume, and AGB across the study extent. Raster layers for each 

lidar and imagery independent variable were created for the extent of the study site 

with the same number of rows and columns at a 20 m resolution. These rasters were 
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referenced using a look-up table (LUT), and the values for each cell are entered into the 

RF model to produce an estimation of the desired metric across the study site. 

2.12MODEL EVALUATION 

Selected linear regression models were evaluated using 10-fold cross-validation. This 

approach first randomly divides the dataset into 10 groups (folds) of equal sizes and 

then tests the data on one group using 1–10 folds to fit the data. The process repeats k 

number of times, computing the mean squared error (MSE) for each test group and 

averages the MSE of all tests to obtain the k-fold cross-validation estimate [60]. While 

leaving one out, cross-validation is a common model evaluation approach [27,61,62]; it 

was shown that k-fold cross-validation could reduce the test error rate [60]. After k-fold 

validation, the predicted values are back-transformed and compared to the observed 

values. The final model used for mapping was selected based on the r2, RMSE, percent 

root mean squared error (%RMSE), mean absolute error (MAE), and bias. The resulting 

models were used to create wall-to-wall maps of the independent variables (BA, 

volume, AGB) using the raster package in R [63]. F-tests were used to determine if 

models with imagery-derived variables significantly improved the model, and r2 and 

%RMSE were compared. 

In evaluating the RF model, the out-of-bag error (OOB) was used to determine the 

prediction error. In the RF model building process, random bootstrap samples were 
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used to build decision trees. Some of the data were left out of each sample; this is the 

OOB sample. The OOB error is the amount of error produced from wrongly predicted 

OOB samples. Evaluation of the RF models included calculating the OOB RMSE, 

%RMSE, r2, MAE, and bias. In order to evaluate whether imagery-derived variables 

were useful in the RF model, variable importance plots were produced. Importance is 

calculated as the decrease in model accuracy as variables are removed, or the percent 

increase in mean square error (%IncMSE). 

3.RESULTS 

3.1LINEAR REGRESSION MODEL 

From the stepwise variable selection, the forward selection approach produced the best 

models, followed by backward selection. A table of the five best models for each 

response variable is displayed in Appendix A (Table A1). According to the calculated 

vif’s, no variable in a model contributed to multicollinearity (VIF < 5). p-values 

indicated that each variable was significant to each of the models (p < 0.05). Models 

produced for BA, volume, and AGB in this study generally included a lidar height, 

canopy, and density metric, though BA did not include any lidar-derived height metric. 

Beyond three-variable models, the var_3 variable was included in the four- and five-

variable model for BA. In the four- and five-variable model for volume, the hom_1 

variable was included in addition to another lidar-derived density metric. Four and five 
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variable models for AGB included var_2 and hom_1 variables, respectively, and the 

five-variable model included both. 

The final model for volume outperformed those of BA and AGB. In model building, the 

five-variable model for volume had the lowest Mallow’s cp and BIC and the highest r2. 

After evaluating models from the 10-fold cross-validation approach, the five-variable 

model had the lowest error (RMSE = 49.23 m3 ha−1, %RMSE = 35.30) and the highest 

accuracy between the observed and predicted values (r2= 0.45). This model included the 

following variables: p50, cancovA, dens_15_20, ElevCV, and hom_1. An F-test revealed 

that the hom_1 variable in the best model significantly improved the model (p < 0.05); 

however, the r2 and %RMSE were not substantially different; the model without the 

1_hom variable had the following accuracy: r2 = 0.44; %RMSE = 35.96. 

For BA, the model with the lowest BIC, Mallow’s cp, and highest r2 was the model with 

five variables. After validating BA using the 10-fold cross-validation approach, the 

model with five variables had the least amount of error (RMSE = 5.731 m2 ha−1, %RMSE 

= 31.26). Furthermore, the predictive accuracy between predicted and observed values 

using the five-variable model was highest (r2 = 0.36). This model included the following 

variables: cancovA, dens_0_10, dens_10_15, dens_15_20, and var_3. An F-test revealed 

that the var_3 variable in the best model significantly improved the model (p < 0.05); 

however, the r2 and %RMSE were not substantially different, and the model without the 

var_3 variable had the following accuracy: r2 = 0.35; %RMSE = 31.61. 
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In modeling AGB, the model with the lowest BIC, Mallow’s cp, and highest r2 was the 

five-variable model. The five-variable model from the 10-fold cross-validation approach 

also had the lowest RMSE (25.20 Mg ha−1, %RMSE = 31.26%) and the highest correlation 

between observed and predicted values (r2 = 0.41). The following variables were 

included in this model: p50, cancovA, dens_15_20, var_2, and hom_1. An F-test was 

used to determine if the addition of one or both of the image-derived variables 

significantly improved the model. The addition of one or both of the image-derived 

variables was significant according to the F-test (p < 0.05); however, the r2 and %RMSE 

for all three models were not substantially different, the model without hom_1 had an 

accuracy of r2 =0.41; %RMSE = 31.60, the model without both hom_1 and var_2 had r2 

=0.38; %RMSE = 32.09. Selected models with coefficients are presented in Table 5, and 

scatterplots showing model prediction and observed values are displayed in Figure 3 

with map outputs at a 20 m resolution (approximately the size of the field inventory 

plots).  
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Figure 3 Predicted map outputs of BA (a), Volume (b), and AGB (c) with scatterplots displaying correlation between observed 
and predicted values for the selected linear regression models. 



57 
 

Table 5 Best models predicting BA, Volume, and AGB developed from linear regression modeling. 

Forest 

Metric 
Model %RMSE RMSE MAE r2 Bias 

BA 
BA = 1.78 + 0.0173cancovA - 1.73dens_0_10 - 1.06dens_10_15 

+ 0.672dens_15_20 + 0.0245var_3 
31.26 5.731 4.456 0.36 0.9528 

Volume 
Vol = 3.09 + 0.0769p50 + 0.0145cancovA - 1.03dens_10_15 - 

0.590hom_1 + 0.213Elev_CV 
35.30 49.23 37.32 0.45 8.287 

AGB 
AGB = 2.53 + 0.0609p50 + 0.0136cancovA + 0.924dens_15_20 

+ 0.0406var_2-0.432hom_1 
31.26 25.20 19.35 0.41 4.064 

 

 

3.2RANDOM FOREST MODEL 

The RF models produced accuracies similar to those from the linear regression models. 

Model diagnostics revealed that volume again had the highest model accuracy (r2 = 0.53, 

RMSE = 50.21 m3 ha−1 %RMSE = 36.68), followed by BA (r2 = 0.39, RMSE = 5.662 m2 ha−1 

%RMSE = 30.17) and AGB (r2 = 0.37, RMSE = 26.29 Mg ha−1 %RMSE = 34.26). Table 6 

includes model evaluation from the observed vs. predicted values. Variable importance 

was calculated and plotted (Figure 4). Figure 5 display scatterplots for observed and 

predicted BA, volume, and AGB from random forest modeling. 

Table 6 Model evaluation of RF predictions. Derived from observed and predicted values. 

RF Model %RMSE RMSE MAE r2 Bias 

BA 30.17 5.662 4.449 0.39 0.01053 

Volume 36.68 50.21 38.18 0.53 −6.438 

AGB 34.26 26.29 20.77 0.37 −4.656 
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Figure 4 Importance plots for variables used in RF models. Most important variables are those at the top of the plots, and are based on % increase in 
MSE. 
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Figure 5 Predicted map outputs of BA (a), volume (b), and AGB (c) with scatterplots displaying correlation between observed and 
predicted values for the RF models. 
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4.DISCUSSION 

Models predicting BA, volume, and AGB in this study ranged in accuracy from r2 = 0.36 

to 0.53. In the RF models, the r2 values were higher than those produced by the linear 

regression modeling approach, except for when predicting BA. Both RMSE and %RMSE 

were lower in linear regression models, except when predicting BA. Other researchers 

modeling forest metrics reported findings that RF modeling tends to have the smallest 

RMSE and the least amount of bias [36,64]. Because the predictive accuracy between the 

two modeling types was similar, the findings of this study suggest that the results of a 

modeling approach could depend more heavily on the variables used in modeling, as 

well as the forest type being modeled (mixed forest stands, homogeneous plantations). 

The models produced for volume had the greatest predictive accuracy (r2 = 0.53, RMSE = 

50.21 Mg ha−1 %RMSE = 36.68), likely because the model used to calculate volume from 

field inventory included a height variable, while those for BA and AGB only included 

DBH and associated parameters. By calculating volume from field inventory using an 

equation that includes a height metric, lidar-derived height variables account for 

variation in heights when predictive modeling. Less accurate models developed for BA 

and AGB were also likely due to a number of other factors. For example, the difference 

in tree heights from when the field inventory was taken and when the lidar tree heights 

were measured could cause some variation; however, this is likely minimal as a subset 

of plots was used within two years of the lidar acquisition. The most likely explanation 
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for the unexplained variation in BA and AGB models is due to a combination of the 

merchantable timber cruising process used to collect this field data and to the high 

heterogeneity of southeastern forests [34]. In other words, a lot of the foliage measured 

by lidar and multispectral imagery is not accounted for in the field inventory gathered 

by inventory cruisers. This is especially seen in the model building process for BA, 

where variables selected for each model were those whose function either distinguished 

layers of the canopy (i.e., density metrics trying to explain shrubs and non-inventoried 

trees beneath the tops of pines) or those that distinguished foliage type (texture bands). 

Height metrics were excluded from these models because they could not explain BA for 

all of the foliage within a plot, especially when the data that the models were built from 

were based only on merchantable timber instead of the entirety of the foliage 

constituting the plot BA. Furthermore, while there is a relationship between a tree’s 

height and its BA, in many species, this relationship is known to be somewhat weak 

[28,38], and another reason why there are no height metrics in the model for BA. Similar 

findings were reported by other researchers working in heavily mixed forest stands, 

such as those in Canada, where BA was modeled with an r2 of only 0.093 [28]. In that 

particular study, the researchers noted that it was difficult to account for most of the 

vegetation not measured by timber cruisers and recommended using another data 

source in addition to lidar. 
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From the models developed in this study, spectral, textural, and landcover variables 

were considered in addition to lidar to delineate any attributes of the forest not 

accounted for in the field inventory. As mentioned in the results section, the model for 

BA included a texture variable (var_3). Furthermore, the four and five variable models 

for volume and biomass included texture variables (var_2, hom_1). This suggests that in 

heavily mixed forests, spectral, textural, and landcover class variables have the 

potential to explain variation missed by lidar variables alone; however, the difference in 

model accuracy after removing imagery variables was not substantial, and lidar 

variables alone predicted BA, volume and AGB almost as well. This is not to say that 

lidar variables are sufficient in estimating lidar in Alabama mixed-species forests, as the 

accuracy of lidar-derived models were still poor in BA, volume, and AGB. While many 

papers suggest that lidar alone is sufficient for modeling, most of these studies are 

developed for study sites whose forests are primarily homogeneous such as those in the 

western United States [58,65,66]. In estimating BA, for example, a study in western 

Oregon achieved very high predictive accuracy using a model with two height variables 

and a canopy cover variable (r2 = 0.96), but the study site was homogeneous in nature, 

dominated by old-growth coniferous forests [30]. Because of the variation in allometric 

dimensions among tree species in mixed forest stands, alternative variables are 

necessary to accurately predict forest metrics. 
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5.CONCLUSIONS 

RS data, including airborne and spaceborne lidar, as well as multispectral imagery from 

satellite-based platforms, are becoming a more available resource to foresters and 

ecologists. Programs such as the 3D Elevation program from the USGS, the National 

Agricultural Imagery Program from the USDA, and Sentinel-2 from the ESA provide 

free data that foresters can use to estimate the amount of BA, volume, and AGB on their 

stands and across large tracts of forested land. In this study, the potential of estimating 

BA, volume, and AGB from RS data was demonstrated by means of linear regression 

analysis and random forest modeling. Predictive accuracies of models were low (r2 = 

0.36–0.53) relative to those in some studies [27,58], and the results presented here 

suggest that the addition of imagery variables to lidar derived predictive models do not 

substantially help explain the variation in BA, volume, and AGB. While this study 

demonstrates the potential for a fast and efficient method of estimating BA, volume, 

and AGB using freely available data, further investigation of variables is needed to 

increase the variability of forest structure in mixed forest stands. Lastly, the main 

limitation of this study is that the field inventory used to build the models included 

merchantable timber and not the entire vegetation in one forest plot. Therefore, the 

potential to improve forest metric estimates may be improved if the entirety of the 

vegetation in a forest plot is measured. 



64 
 

Open-source RS data are increasingly available, and as demonstrated in this study, 

freely available data can be leveraged for estimating BA, volume, and AGB in a 

spatially explicit manner. Lastly, improving estimates of BA, volume, and AGB are 

necessary to produce accurate reference maps that can be used for the validation of 

forest measures derived from satellite lidar and imagery. 
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CHAPTER 3 

VOLUME AND ABOVEGROUND BIOMASS MAPPING USING GEDI AND 

SENTINEL-2 DATA IN SOUTHERN ALABAMA 

1.INTRODUCTION 

Human-induced climate change is a growing concern for both the persistence of 

ecological systems and human societies [1]. Furthermore, deforestation due to 

development and increased agriculture is a well-known driver of climate change and 

the loss of biodiversity [2–4]. It is therefore imperative that governments around the 

world have accurate and high-resolution estimates of forest structure to support 

management of forests and their ability to act as carbon sinks rather than anthropogenic 

sources of climate change. Southern Alabama is a region of critical importance for the 

export of timber, and therefore plays a major role in both the economy of Alabama and 

the absorption of atmospheric carbon. However, climate change, deforestation, and the 

need for forest maps will inevitably change the way foresters in the Southern Alabama  

do forestry and manage timber stands [5]. Key forest inventory metrics such as timber 

volume and aboveground biomass (AGB) are commonly used for forest management 

and therefore useful for understanding the role of forests in the carbon cycle. AGB is a 

measure of the dry aboveground carbon of a tree, and is directly related to the amount 

of carbon stored by forests, typically found by multiplying the dry mass by a 
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conversion factor of 0.5 [6,7]. It is estimated that up to 300 peta-grams of carbon (Pg C) 

is stored in the world’s forests, which is equivalent to approximately one-third of the 

carbon in the atmosphere [8]. In the southeastern U.S., the forest industry can act as a 

source of carbon with the removal of pine forests for the production of paper products, 

however with proper management the change in carbon stock can remain constant [9]. 

Linked to biomass, volume is the total amount of wood in a tree or forest, and is also a 

useful measure of the monetary value of a forest stand and habitat suitability [10–12]. 

Estimating volume and AGB across large extents based only on traditional forest 

inventory measurements can be problematic due to the costs of labor, inconsistencies in 

mensuration methodologies, and variation in geographic factors influencing forest 

growth, such as soil quality and water availability [13–15]. Technologies such as light 

detection and ranging (lidar) have been used to produce maps of key forest inventory 

metrics across somewhat large spatial extents, and studies using airborne laser scanning 

(ALS) (lidar from aircraft) have shown major success in estimating forest metrics across 

large areas [16–18], however few have used space-based lidar for merchantable forestry 

operations. Estimation of AGB and volume from ALS have typically been accomplished 

through modelling approaches in which known AGB and volume from field plots are 

used to find highly correlated lidar variables and their coefficients. The lidar variables 

are known to vary based on the type of forest being measured [19–21], and the type of 

modelling used [21–23], but generally a height, canopy, and variance variable are 
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sufficient for estimating AGB and volume [24,25]. One major advantage of ALS over 

field inventory is that it offers full coverage across a study stie due to its ability to 

directly and continuously measure forest structure. This has also been demonstrated to 

be more accurate and cost-effective than the method of estimating forest structure from 

interpolation of forest plots spread across an area [26]. While the extent of forest 

structure measured by lidar is great relative to field inventory plots, it is nevertheless 

limited by fuel costs and are therefore used more frequently in local projects. One study 

demonstrated the ability of ALS to accurately estimate AGB (R2 = 0.81; RMSE = 37.69 Mg 

ha-1) but noted that the extent of a lidar acquisition is limited by its high costs, 

suggesting that regional or global estimation using ALS is difficult without expensive 

repeat flights [27]. Another study achieved high accuracy estimates of volume from 

airborne lidar (R2 = 0.94; RMSE = 12.02 m3ha-1), but noted that while the cost of lidar 

acquisition was comparable to field inventory estimates, the cost is still very high 

resulting in limited coverage [17]. 

Spaceborne lidar (lidar system mounted on a satellite) may provide opportunities to 

overcome limited coverage of ALS, as they can collect data almost continuously while 

in orbit. Missions such as Ice, Cloud, and land Elevation Satellite (ICESat) and ICESat-2 

have been useful in measuring canopy cover, AGB, and forest volume across large 

extents [28–32]. ICESat was launched in 2003 with the objective of measuring changes in 

polar ice over time, and used it’s Geoscience Laser Altimeter System (GLAS), a single-



78 
 

beam full- waveform lidar to measure properties of ice [32]. A 2009 study used height 

and canopy variables from GLAS to model and estimate timber volume in Siberian 

forests [33]. This study demonstrated early on the usefulness of spaceborne lidar for 

estimating forest metrics, but the authors noted the overestimation of forest metrics due 

to the instrument’s large footprint and single laser system. ICESat-2 was designed to 

carry on the mission of ICESat, but also includes mission objectives for estimating forest 

characteristics. Aboard ICESat-2 is the Advanced Topographic Laser Altimeter System 

(ATLAS), a six-beam photon-counting laser system with a footprint < 17m  (an upgrade 

from GLAS single beam large footprint lidar) that could take more accurate 

measurements of ice and forest characteristics [34]. Recent studies have used ICESat-2 

to estimate AGB [28,35],  even though ATLAS is optimized for quantifying properties of 

the cryosphere including ice thickness and density. However, another space-based lidar 

mission that was launched the same year as ICESat-2 is the Global Ecosystem Dynamics 

Investigation (GEDI), which was designed with the intent of measuring ecosystem 

structure.  

GEDI is another spaceborne lidar aboard the International Space Station, launched in 

December 2018 that was specifically designed for vegetation mapping [36]. The main 

objective of the mission is to understand how land-use and climate change are 

impacting ecosystem structure. Embedded in this main objective are three primary 

goals: (1) get a better understanding of the Earth’s carbon balance with tropical and 
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temperate forests, (2) understand how land surface impacts carbon dioxide in the 

atmosphere, and (3) understand how ecosystem structure affects biodiversity [36]. 

These goals are possible due in part to the components of GEDI itself: GEDI is 

composed of three lasers (two strong power beams and one coverage beam), one of 

which is split in two (coverage), and the lasers are dithered across a given track to 

produce 8 total lidar tracks with 25m diameter footprints. The platform was scheduled 

for a two-year mission and extended through 2023 aimed at estimating land-based 

vegetation structure in order to better understand climate cycling and ecosystem 

dynamics [36]. GEDI includes several publicly available products including height and 

canopy data (L2; 25m footprints), and Level 4 (L4) aboveground biomass density 

(AGBD) products available in both 25-meter footprints (L4A) and one-kilometer grids 

(L4B). The L4A product was produced by modeling a relationship between field 

calculated AGBD and simulated GEDI waveforms from airborne lidar data, and then 

using the model to predict footprint-level AGBD [37]. The idea behind simulating GEDI 

data was to develop accurate models for AGBD across a number of different regions, 

instead of estimating AGBD using GEDI height data and a general parametric model, 

which would cause inaccuracies throughout different forest types. L4B gridded AGBD 

products are produced from the L4A product at a 1-kilometer spatial resolution. 

Already, several studies have used GEDI data in ways that align with the 

aforementioned mission objective and goals. In estimating vegetation structure, Lang et 
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al. [38] developed a Bayesian convolutional neural network model using GEDI and ALS 

data that could estimate global canopy heights accurately (RMSE 2.7m) with low bias. 

These canopy height estimates are crucial for estimating AGB, as canopy height is 

typically the most important variable for modelling and estimating AGB [39,40]. 

Furthermore, the same study demonstrated that both weak and strong beams are useful 

for estimating canopy height, which has been limited with previous sensors [41]. 

Another study analyzed the accuracy of GEDI canopy heights by comparing them with 

ALS canopy height measurements [42]. The researchers reported good accuracy in 

GEDI height estimations in all forest types in the United States (RMSE = 2.62 m; %RMSE 

less than 25%), but noted that geolocation errors and the difference in data acquisition 

between GEDI and the ALS were likely responsible for any unexplained variability.   

In terms of volume, one study demonstrated the use of GEDI to improve estimates 

across Changbai mountains in northeast China with higher accuracy than previous 

sensors (R2=0.88; %RMSE = 15.21%) [43]. Another study used GEDI data to estimate 

volume in Brazilian Eucalyptus plantations with very high accuracy (R2 = 0.90; 24.39 m3 

ha-1, noting that the best explanatory variable for predicting volume was the 90th height 

percentile [44]. Beyond the two previously mentioned studies, little work has been done 

to estimate volume from GEDI, and to the knowledge of the authors, no work has been 

done to estimate merchantable volume for forests in the Southeastern U.S. by taking 

advantage of the high density of GEDI data and the l4A AGBD as a predictor variable to 
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help calibrate forest metrics models. Understanding the ecological impacts of forest 

structure is another of GEDI’s primary mission goals that researchers have been 

exploring. For example, researchers have used both simulated GEDI data from an 

unmanned aerial vehicle (UAV) and available GEDI waveform data to estimate fuel 

load in tropical forests with good accuracy (R2=0.88) [45]. Determining fuel load helps 

researchers understand how disturbance dynamics affect ecosystems as the climate 

changes [46]. Forest structure also impacts the presence of animals as well [47], and 

GEDI offers the potential to estimate habitat suitability and species distribution across 

large extents. For example, when developing species distribution models (SDM) for bird 

species in California, researchers found that simulated GEDI-derived canopy structure 

variables were among the most important in predicting avian occurrence [48]. Finally, a 

major goal of the GEDI mission is to understand the balance of carbon between the 

atmosphere and forests. Estimating AGB is a common approach to understanding the 

changes in carbon concentration over time. Though GEDI provides estimated footprint-

level AGBD, other researchers may produce their own estimates of AGB for comparison 

with those of GEDI’s, or optimize multiple sensors for improved estimation of AGB. 

Dorado-Roda et al. [49] used GEDI height variables to estimate footprint level AGB in 

Mediterranean forests, and found that AGB could be predicted more accurately in 

homogeneous coniferous forests than in mixed deciduous forests. Authors suggested 

that, as shown in previous studies, forest estimates of AGB using lidar data is less 
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accurate in dense heterogenous forests [22,50]. In another study, researchers combined 

simulated ICESat-2 and simulated GEDI data to estimate AGB and found improved 

results when estimates were compared with those using only one or the other of the 

two sensors [51]. These latter two studies are significant because they present the 

usefulness of GEDI products for optimizing estimates of AGB in specific study areas 

and the synergistic use of data sources for accurate estimates [52]. As such, it is 

necessary to further explore methods for estimating AGB by combining data sources to 

potentially derive more accurate estimates, as well as to develop maps with complete 

coverage of AGB. Furthermore, current GEDI estimates of AGB are available as 25m 

footprints or 1-kilometer grids, and its use for estimating volume is not well-understood 

for forests within the Southeastern U.S., so work needs to be done to achieve full 

coverage at finer scales.  

Sentinel-2 data, in conjunction with GEDI footprints, offer opportunities to achieve full 

coverage estimates of AGB and volume at potentially finer spatial scales [53]. Sentinel-2 

consists of two polar orbiting satellites, each composed of a 13-band multispectral 

imagery sensor. It’s mission is designated for observing global and continuous land 

cover data in addition to providing map products such as change detection products 

and land cover maps. Further mission goals include providing data for studies focused 

on climate change, land management, and security. By estimating volume and AGB 

with GEDI footprints, Sentinel-2 imagery can be used to upscale these parameters to 
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produce wall-to-wall maps. While this approach is not necessarily unique [28,54,55], no 

study has used it to map merchantable AGB and volume in the southeastern U.S. In this 

study, ground data is included as part of a three-step approach to mapping 

merchantable volume and AGB; first developing wall-to-wall reference maps of 

merchantable volume and AGB from field data and airborne lidar [50], second, 

predicting merchantable volume and AGB in GEDI footprints by developing models 

from reference maps and GEDI L2 and L4 metrics, and finally, leveraging a Sentinel-2 

scene for wall-to-wall mapping. Ultimately, the aim of this study is to evaluate GEDI L2 

and L4 data for determining key forest inventory metrics in the southeastern U.S. The 

specific objectives were to: (1) estimate forest volume and AGB using footprint-level 

GEDI data, and (2) develop maps of forest volume and AGB using GEDI and Sentinel-2 

data. 

2.METHODS 

2.1STUDY SITE 

A 35.35 km2 extent crossing Covington and Escambia counties in Southern Alabama 

was used as the primary area of interest in this study (Chapter 2, figure 1), though 

volume and AGB will be mapped across the extent of a Sentinel-2 scene. The area is 

located in the southeastern plains type III ecoregion (ecoregion 65) composed of 

southern mixed pine forests on rolling hills with a warm climate [56]. The area is further 
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described at the level IV ecoregion (65F) as having loamy acidic soils with dark tea-

colored streams and mixed forests interspersed with pine plantations [57,58]. The mean 

elevation of the study site is 59.47 meters, with a minimum and maximum elevation 

ranging from 25 to 99 meters respectively. The study area also encompasses the Solon 

Dixon Forestry Education Center (SDFEC), a multi-use facility (outreach, extension, 

teaching, and research) primarily focused on providing hands-on field training to 

university students. Forest inventory data for this study comes from the SDFEC and is 

described in more detail in the following sub-sections. 

2.2AIRBORNE LIDAR-DERIVED REFERENCE MAPS 

Airborne lidar reference maps can be highly valuable for comparing space-based 

estimates of metrics like AGB, volume, canopy cover, and canopy heights. Furthermore, 

airborne reference maps can be used for calibrating models of AGB and volume with 

spaceborne lidar predictor variables. In this study, independent airborne lidar derived 

reference maps were used for developing models that predict merchantable AGB and 

volume. Specific details on the development of airborne lidar-derived reference maps 

are described in a previous study [50], but are summarized here.  

Airborne lidar data come from the United States Geological Survey (USGS) 3D 

Elevation Program (3DEP) [59]. 3DEP is an open-source program originally designed to 

collect three-dimensional geographic elevation data for a given landscape, however the 
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data have been used in many fields including forestry and ecology. The data used for 

the production of the reference maps were collected by a Leica ALS70-HP RS device 

mounted in a fixed wing position aboard Cessna and Partenavia aircrafts. 

Characteristics of the flight included a scan angle of 45 degrees, a flight height of 2000 

AGL meters, and a speed of 130 kts. Lidar scanning characteristics included a 1-meter 

footprint, a pulse density of 2.4 pls/meter2, and a scan frequency of 35.1 Hz. The scan 

pattern was triangular. 54 lidar files containing point cloud data collected in 2017 were 

downloaded from 3DEP using UGet software [60]. Each file contained a las and/or laz 

tile with associated metadata. 

Forest inventory data for the SDFEC consists of both naturally regenerated and planted 

pine, hardwood, and mixed pine-hardwood forest stands intended for timber 

production. Forest inventory data from the SDFEC was collected from 1,048 circular 

plots of .04 hectare (1/10th acre) size, in 304 forest stands (see Figure 1). The number of 

plots used to produce the airborne reference maps from a previous study [50] was 

reduced from 1048 to 523 to include only plots that were inventoried within two years 

of the 2017 airborne lidar. The data included latitude and longitude of plot centers, plot 

area (0.04 hectare plots) merchantable timber heights of individual trees (meters), and 

diameter at breast height for individual trees (centimeters). The plot volume (m3ha-1) 

and plot sum of AGB (Mgha-1) were later calculated using methods described in a 

previous study [50]. The SDFEC uses lumber mill specifications when taking plot data 
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on a forest inventory cruise. Trees surveyed in a plot must meet a minimum diameter at 

breast height (dbh) of 11.68 cm for a 12.7 cm class, while being at least 4.6 meters in 

height to a 7.62 cm top. Trees within plots that do not meet these specifications are not 

tallied. Furthermore, the SDFEC only tallies trees that local forest product mills are 

buying, so a variety of species including Eastern Red Cedar (Juniperus virginiana) and 

Southern Black Cherry (Prunus serotina) are not counted. 

To develop wall-to-wall reference maps of AGB and volume, airborne lidar-derived 

variables from processed lidar point clouds were used as predictors in a linear 

regression, where AGB and volume were dependent variables in model building. The 

subsequent models were fit and validated using a 10-fold cross validation approach and 

used to map AGB and volume across the study site, an approach well documented in 

other studies [59,61]. The maps have a resolution of 20m and were resampled in ArcGIS 

Pro to match the approximate spatial resolution of GEDI footprints (25m). The map 

produced for volume has an accuracy of R2=0.45, %RMSE=35.30. The map for AGB have 

an accuracy of R2=0.41 %RMSE=31.31.  

2.3GEDI DATA 

GEDI HDF5 files were downloaded from NASA EarthData Search, a data pool that 

allows a user to download earth observation (EO) data from an area of interest without 

visiting each DAAC website for a product of interest. Data used in this study include 38 
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HDF5 files of GEDI L2A relative height metrics (rh), 38 HDF5 files of L2B elevation and 

canopy cover metrics, and 38 HDF5 files of GEDI L4 data containing footprint level 

aboveground biomass density (AGBD) from May, 2019 to January, 2022. L2 products 

are processed and stored at the Land Processing Distributed Active Archive Center (LP 

DAAC). L4A data are processed and stored at the Oak Ridge National Laboratory 

(ORNL) DAAC. The download included all available data collected to the date of 

download containing the area of interest, totaling 463,233 25-meter footprints. L2 rh 

metrics, elevation and canopy cover metrics were downloaded for modeling both 

volume and AGB, as height and canopy metrics have been demonstrated to correlate 

strongly with both volume and AGB [29,62]. As mentioned above, GEDI data are 

collected aboard the ISS using three lasers, one of which is split to produce four beams 

dithered across eight tracks. Two of the lasers are full power beams and produce 15 m/J 

beams. The third laser is considered a coverage beam and produces two 4.5 m/J beams. 

Each beam footprint has a diameter of 25m, optimized for capturing canopies of large 

trees and being able to reach the ground beneath dense canopies [36]. Lidar full 

waveform collected in each footprint is further processed into the previously mentioned 

L2 products. L2 rh metrics are quantiles of heights of waveform energy relative to the 

ground elevation (ground elevation is computed as the mode of lowest returns). Similar 

to canopy height percentiles used in earlier airborne lidar studies [17,27,63], rh metrics 

can give researchers an idea of the vegetative heights in forests. Canopy cover related 
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metrics include canopy cover calculated by determining the ratio between the vertical 

canopy energy distribution (subtracting the ground estimation from the energy 

waveform) and ground energy for a given footprint [36]. Also included in L2B canopy 

metrics are plant area volume density (pavd) percentiles, leaf area index (LAI), 

essentially the amount of foliage in the canopy is calculated from the vertical canopy 

energy, and foliage height diversity (FHD), the total leaf area in a given space, which is 

calculated from LAI. Finally, the L4A footprint AGBD are calculated from regional 

allometric equations derived from the relationship between airborne lidar canopy and 

height variables, and field inventory AGB [37].  

2.4GEDI DATA PROCESSING 

From the downloaded HDF5 files for L2A, L2B, and L4A products, the following items 

were extracted and formatted as a csv file using the package rhdf5 [64] in RStudio [65]: 

latitude, longitude, beam number, shot number, quality flag, degrade flag, rh0-100, 

canopy cover, LAI, FHD, and AGBD. The data were then filtered in ArcGIS Pro [66] 

using a mask produced from classified Sentinel-2 imagery (See Sentinel-2 processing 

section), such that GEDI shots only in forested areas remained in the dataset. After 

filtering shots, the final number of footprints was 22,160 footprints. The summarize raster 

within tool in ArcGIS Pro was used to determine the volume and AGB of the reference 

maps within the extent of the GEDI shots. The mean values of the cells in a GEDI 

footprint was used as the parameter to gather reference map values within the zones of 
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the GEDI shots. These values were joined to the GEDI footprint height and canopy 

metric data for modelling. The final number of GEDI shots paired with coincident 

airborne reference AGB and volume was 2,313. 

2.5GEDI MODELS OF VOLUME AND AGB 

Aside from the 1km resolution GEDI AGB product available for download, higher 

resolution predictive models of volume and AGB from GEDI are currently scarce, 

particularly for southeastern forests. Here we calibrate volume and AGB models using 

GEDI L2 and L4 products and high resolution airborne lidar reference maps for the 

purpose of estimating merchantable timber volume and AGB at a finer scale (25 meters 

in the case of GEDI). Models predicting footprint-level volume and AGB were produced 

from the reference map volume and AGB and GEDI L2 products via multiple linear 

regression. Using the regsubsets function in the leaps R package [67] in RStudio, L2 

variables that correlated with reference volume and AGB were selected by means of 

forward, backward, and best subsets variable selection. Up to five variables were 

considered in each model to avoid overfitting the model, and variance inflation factors 

(VIF’s) were examined to avoid collinearity in the models [49]. Models with the highest 

R2, and lowest cp, and BIC with VIF’s lower than 5 were used on the testing data. A 

Breusch-Pagan test determined is used to test for heteroscedasticity of the dependent 

variables. If the residuals were heteroscedastic, then a log-transformation was applied 

to the variable. Models were subsequently used to predict volume and AGB across all of 
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the filtered GEDI footprints in the extent of the Sentinel-2 scene (see Sentinel-2 data and 

processing). 

2.6 MODEL VALIDATION 

A K-fold cross validation approach was used to test and evaluate the models predictive 

capabilities, and refit the dependent variables. This is a process by which the data are 

first split into k number of groups (folds) and then k-1 groups are used to train the data, 

and the remaining group is used for testing the model. The process is repeated k 

number of times until each group has been tested, and the mean squared error (MSE) 

from each test is averaged (the validation error). In this study, a ten-fold validation 

method was used to train and test the models. Predicted data was back-transformed 

and the RMSE, %RMSE, MAE, R2 and bias were calculated from the error between 

airborne-derived AGB and volume, and predicted GEDI volume and AGB. In this 

study, validation was carried out by using an error term similar to the one used in a 

validation study by Fernandez et al. [68]: 

Errori = AGBALS i - AGBGEDI i        (1) 

where the error of sample “i” of AGB or volume is the difference between the AGB or 

volume of the ALS and GEDI of “i”. From this error, calculations were performed for 

comparisons including the following (using AGB as an example): 

 𝑅2 = 1 −
∑ (𝐸𝑟𝑟𝑜𝑟𝑖)2𝑛

𝑖=1

∑ (𝐴𝐺𝐵𝐴𝐿𝑆 𝑖−𝑚𝑒𝑎𝑛(𝐴𝐺𝐵𝐴𝐿𝑆))2𝑛
𝑖=1

     (2) 
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𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (𝐸𝑟𝑟𝑜𝑟𝑖)2𝑛

𝑖=1       (3) 

𝑅𝑀𝑆𝐸% =  
𝑅𝑀𝑆𝐸

𝑚𝑒𝑎𝑛(𝑛𝑜𝑏𝑠)
× 100      (4) 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝐸𝑟𝑟𝑜𝑟𝑖|

𝑛
𝑖=1        (5) 

𝐵𝑖𝑎𝑠 =
1

𝑛
 ∑ 𝐸𝑟𝑟𝑜𝑟𝑖

𝑛
𝑖=1        (6) 

2.7 SENTINEL-2 DATA AND PROCESSING 

GEDI offers dense coverage of lidar data in the form of footprint-level products, or 1 km 

gridded products, but wall-to-wall estimation of forest characteristics at a finer scale is 

possible with the use of ancillary imagery data. Previous work has shown that the use 

of imagery metrics such as NDVI, EVI, texture, and land cover classification correlate 

well with estimates of forest characteristics [28,69], and can be further leveraged for 

wall-to-wall mapping when combined with GEDI lidar. In this study, Sentinel-2A, L1C 

data were processed to produce such metrics (Table 1) for estimating volume and AGB 

across the entire Sentinel image. Leaf-off Sentinel-2 L1C data for the date of November, 

2021 were downloaded for a 290km area containing the extent of the study site, and the 

entirety of the scene was further processed and evaluated. The Sentinel image was 

downloaded from the USGS Earth explorer website [70] and contained 13 bands, four of 

which have a spatial resolution of 10m, and were central to this study: band 2 blue 

(490nm), band 3 green (560nm), band 4 red (665), and band 8 Near Infra-Red (NIR) 
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(842nm). After the data were downloaded, the Sentinel Application Platform (SNAP) 

application was used to atmospherically correct the imagery [71]. To prepare the data 

for mapping, commonly used imagery metrics (table 1) were derived at the resolution 

of the GEDI footprints (25m). Texture metrics, also known as second order co-

occurrence layers were developed in ENVI [72]. Texture metrics are calculated from the 

distance and angularity of pixel values surrounding a pixel for which texture is being 

calculated. The purpose of these layers is to distinguish forest characteristics in the 

image that may relate to volume and AGB. Other imagery-derived layers included 

normalized difference vegetation index (NDVI), enhanced vegetation index (EVI) and 

land cover, which were computed using ArcGIS Pro software. NDVI is a measure of 

greenness in vegetation, and is often used to assess forest health, but has been 

demonstrated as a useful metric for estimating AGB [28,73]. NDVI was calculated from 

the red and NIR bands:  

NDVI = (NIR − Red)/(NIR + Red)      (7) 

Similarly, EVI is a metric used for estimating forest health but can be particularly useful 

in areas with high vegetation density, like those in this study area. EVI leverages the 

blue band in addition to the red and NIR bands and is calculated as: 

EVI = 2.5 * ((NIR – Red) / (NIR + 6 * Red – 7.5 * Blue + 1))   (8) 
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Finally, land cover variables were derived from a classification of the leaf-off Sentinel-2 

imagery using ENVI software [72]. First, the entire image was classified into seven main 

landcover types: developed, barren, agriculture, water, deciduous, mixed forest, and 

evergreen forest. This was done using a maximum likelihood classifier. After the 

classification, a confusion matrix was used to assess the accuracy of the classification 

output, compared with randomly selected ground truth data points within the study 

area. The overall accuracy (the total number of correctly classified pixels divided by the 

total number of pixels) was 79%. The kappa coefficient or the measure of agreement 

between truth and classified pixels classes, was also used to assess the classification 

accuracy. This measure ranges from 0 (not accurate at all) to 1 (all pixels correctly 

classified). Our classification had a kappa coefficient of 0.73, which we determined was 

suitable for this study. Once the classification was complete, the three forest land cover 

types were extracted from the classification.  
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  Table 1: Imagery derived multispectral variables used for mapping.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Variable Description 

1 con_1,2,3,4 Texture contrast for bands 
Blue, green, red, NIR 

2 cor _1,2,3,4 Texture correlation bands 
blue, green, red, NIR 

3 dis _1,2,3,4 Texture dissimilarity bands 
blue, green, red, NIR 

4 ent _1,2,3,4 Texture entropy bands blue, 
green, red, NIR 

5 hom _1,2,3,4 Texture homogeneity bands 
blue, green, red, NIR 

6 mean_1,2,3,4 Mean texture bands blue, 
green, red, NIR 

7 secmom_1,2,3,4 Angular Second Moment 
bands blue, green, red, NIR 

8 var_1,2,3,4 Texture variance bands blue, 
green, red, NIR 

9 NDVI Normalized Difference 
Vegetation Index 

10 EVI Enhanced Vegetation Index 

11 LC Forest land cover including 
evergreen, deciduous, and 
mixed. 
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2.8 FOREST MAPPING 

Wall-to-wall mapping was achieved by first relating footprint level estimates of volume 

and AGB to imagery metrics using a machine learning approach and then using the 

model to extrapolate AGB and volume across the forested areas of the study site. The 

approach used in this study takes advantage of the machine learning random forest-

based regression algorithm in the R statistical package ModelMap [74]. Random Forests 

is a machine learning algorithm developed by Leo Breiman’s [75], in which decision 

trees are developed based on random assortments of the training data. The trees then 

make predictions on the outcome based on the data within the tree, and each tree votes 

on which outcome is most accurate. The model cannot predict data that lies outside the 

numeric range of the training data, and this could lead to over or under estimations of 

truth in a prediction should the model be predicting outside of the area where the data 

were collected. Input data in the forest model included the variable to predict (volume 

or AGB) and the variables derived from the Sentinel-2 imagery. The method is 

considered a supervised machine learning technique, as the user inputs and modifies a 

number of hyperparameters to adjust the outcome of the forest model. These 

hyperparameters include the number of trees in the forest, the leaf size for each of the 

trees, and maximum tree depth. The number of trees in the forest is the total number of 

decision trees in the model, and typically the more trees in the model, the more accurate 

the model will predict. In this study, the number of trees was optimized based on an 
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initial number of runs testing each model diagnostic. The minimum leaf size is the 

smallest number of nodes on a tree, or the lowest number of observations used. This 

hyperparameter is known to cause some overfitting in the model if it is set high relative 

to the number of trees where the data contains a lot of noise. Therefore, in this study the 

minimum leaf size was set to 5, which is the default for statistical package. Maximum 

tree depth is a parameter that determines the maximum number of splits in a tree, and 

is a data driven parameter. Other parameters include the data available to each tree, 

and the amount of training data excluded for validation. Although the modelmap 

package can be used right away to train and predict, model training was done a number 

of times to find a balance of the hyperparameters that would give the most accurate 

model before predicting and outputting a raster. Furthermore, the number of data 

excluded for validation was initially set to 0% to find stable variable importance, and 

tune hyperparameters. Next, training data was excluded for validation and was set to 

30% to test and evaluate the final model prediction. The output maps were generated at 

the same grid size as the GEDI footprints (25-meters). Model predictions were 

evaluated using the R2 and RMSE.  

3.RESULTS 

3.1GEDI FOOTPRINT LEVEL ESTIMATES OF VOLUME AND AGB 
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Models were produced using GEDI L2 and L4A footprint metrics, and the reference 

values of volume and AGB spatially coincident with the GEDI footprints. In model 

building, the best models were composed of five GEDI variables. None of the variables 

in the best models had VIF values over 5, and none of the models showed 

heteroscedasticity according to the Breusch-Pagan test. For volume, the best model 

included the AGBD, cover, pavd1, fhd, and rh90 variables (Table 2). Using a 10-fold 

cross validation method to refit and test the model, an R2 of 0.36 was produced, with an 

RMSE of 36.45 m3 ha-1. In this model, the AGBD and rh90 variables had a Pearson’s 

correlation higher than 0.50. The cover and pavd1 variables correlated less well with 

volume (R < 0.20) and the fhd variable had a Pearson’s R correlation of 0.40. Figure 1 

contains a graph of the predicted and observed footprint level predictions for volume.  



98 
 

 

Figure 1: Scatterplot of observed and predicted Volume from GEDI footprint models. 
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Similarly, the model predicting biomass most accurately was the five-variable model 

with variables including AGBD, cover, pavd1, fhd, and rh80. This model had an R2 of 

0.30 and an RMSE of 15.60 Mg ha-1. Like the variables in the volume model, those in the 

AGB that correlated best (Pearson’s R < 0.50) with AGB, were the AGBD and rh80 

variables. The next best correlated variable was fhd with a Pearson’s correlation of 0.39. 

Finally, the least correlated variables were cover and pavd1 (R < 0.20). Figure 2 includes 

a graph showing the relationship between footprint level observed and predicted AGB. 
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Figure 2: Scatterplot of observed and predicted AGB for GEDI footprint models. 
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Table 2: GEDI models predicting footprint level volume and AGB with evaluation metrics derived from observed and predicted 

values. 

Forest Metric Model R2 RMSE %RMSE MAE Bias 

Volume Vol = 132 + 0.221agbd – 44.8cover – 43.2pavd1 

– 22.5fhd + 3.54rh90 

0.36 36.45 27.65 28.68 -7.134x10-16 

AGB AGB = 74.7 + 0.0804agbd -12.9cover-15.6pavd1 

– 5.10fhd+1.18rh80 

0.30 15.60 19.37 11.81 -7.276x10-16 

 

3.2WALL-TO-WALL MAPS OF VOLUME AND AGB 

Estimates of volume and AGB were upscaled across a 30x30 km extent using the 

Sentinel-2 image. The decision to use only part of the scene was to restrict variation in 

land cover that would otherwise occur beyond areas related to lumber plantation. 

Model diagnostics from the random forest model provided information on the accuracy 

of the map predictions as well as the importance of variables in the model. Both models 

were optimized using 500 trees, and both models were set to automatically tune the 

number of predictors used to select the split in the trees. For volume the model 

optimized 6 randomly sampled variables at each split. After testing the model on 30% 

of the data left out for validation, the model R2 was 0.11 and the RMSE was 30.55 m3 ha-

1. The chart below (figure 3) displays the most important variables for the volume 

model, and in general the top 5 most important variables were associated with the NIR 

band. In modeling AGB, the model also optimized 6 randomly sampled variables at 

each split. After testing the model on 30% of the data left out for validation, the model 

R2 was 0.10 and the RMSE was 11.08 Mg ha-1. Variable importance again included those 
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that were associated with the NIR band (figure 4). Map outputs of the forest volume 

and AGB at a 25-m resolution are displayed below (figure 5 and figure 6). 
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Figure 3: Variable importance plot for RF volume model. Most important variable to model is towards the top of the 

plot and is based on the % increase in MSE were the variable removed from the model. 
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Figure 4: Variable importance plot for RF AGB model. Most important variable to model is towards the top of the plot 

and is based on the % increase in MSE were the variable removed from the model.  
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Figure 5: Map output of volume across extent. Maps were developed from the relationship between Senitnel-2 layers (NDVI, EVI, 

texture, etc.) and predicted GEDI footprint values. 
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Figure 6: Map output of AGB across extent. Maps were developed from the relationship between Senitnel-2 layers (NDVI, EVI, 

texture, etc.) and predicted GEDI footprint values. 
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4.DISCUSION 

In this study, we demonstrated a method to upscale AGB and volume predictions as 

wall-to-wall maps using airborne lidar reference maps, GEDI lidar data, and Sentinel-2 

data. The models produced from GEDI variables to predict footprint volume and AGB 

were not very accurate (R2 = 0.30 to 0.36), however this is likely due to the high error 

associated with the reference maps which propagated into the GEDI footprint model 

estimates. In a previous study [50], we discuss the error of the reference maps being 

attributed to the highly selective process of the field data used to produce the maps. 

Furthermore, the highly selective field data used to produce the airborne reference 

maps, and subsequently the GEDI footprint models differ from the GEDI L4 product 

whose AGBD is produced from a less selective subset of vegetation in a given footprint. 

In other words, many species of trees in a field plot from our study area were not 

tallied, while L4A footprints were far less selective [76]. This likely led to inaccuracies 

when building the GEDI footprint-based model in this study, as the dependent variable 

from the reference maps only represent a subset of total vegetation occurring in the 

coincidental GEDI footprint, compared to the GEDI L4A product. 

Unexplained variability in the models may also be attributed to the temporal difference 

in the reference maps (2017) and the GEDI data (2020-2021), however it has been well 

documented that temporal difference has little effect on the accuracies of a model built 

with temporally variable data [7]. For example, one study demonstrated that a 7-year 
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temporal difference in field data and remote-sensing maps had little effect on the 

precision of modeling biomass, so long as the forest itself has not been drastically 

changed [77]. Local factors such as soil type, and water availability could greatly affect 

the volume and AGB of a forest stand, and could be added as random effects variables 

in future studies. Consideration of other model types that consider geographic variation 

such as a geographically weighted regression could be beneficial at greater extents [73]. 

Another useful method to deal with variability caused by changes in local factors across 

a geographic range would be the synthesis of spatially and temporally coincident 

ICESat-2 and GEDI data, which has been demonstrated by simulated GEDI data and 

ICESat-2 data [51]. 

To maximize the accuracy of the footprint level predictions, we selected the five 

variable models, and though these models showed no signs of collinearity, it is 

important to note that the models with height metrics alone were not considerably less 

accurate (see appendix A2 for all models). Furthermore, while a number of variables 

could have been added to the model to increase the explained variability, parsimony is 

crucial to a successful predictive regression model as it should be able to perform well 

each time it is used [23]. Other studies have demonstrated that height variables 

typically dominate the predictive capabilities of regression models. For example, a 

study estimating longleaf pine volume in Brazilian plantations used just two height 

variables and managed to produce a model that could account for 97% of the variation 
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in predicted volume [61]. Many other studies have used height variables in conjunction 

with a canopy cover and/or canopy density variable to account for volume or AGB 

variability, a very well demonstrated method reflective of the volume model in this 

paper [20,78]. While it is expected that height variables would account for the majority 

of the variability in the model, canopy cover did contribute to the accuracy of the 

model, and is consistent with previous work demonstrating the importance of canopy 

cover as a biomass and volume predictor [76]. Another important variable in the 

footprint level models for AGB and volume was the foliage-height diversity variable. 

Because the SDFEC includes both naturally regenerated stands, and even age planted 

stands, the diversity of foliage density between stands would cause a lot of variation in 

model predictions, however the inclusion of this variable is able to account for some of 

this variability. Other studies have also demonstrated that this variable is increases the 

accuracy of models with complex forest structure [42,49].  

After developing models and predicting footprint level volume and AGB across the 

extent of the downloaded Sentinel-2 scene, wall-to-wall maps were developed. Similar 

to the GEDI models, the forest-based regression predictions of volume and AGB were 

not accurate (R2 = 0.11 & 0.10). Potential sources of error include inaccuracies of the 

airborne lidar reference maps [50] and the subsequent inaccuracies of the GEDI 

footprint estimates of volume and AGB. One  study used airborne lidar reference maps 

and ICESat-2 data in conjunction with Landsat data to estimate AGB in southeastern 
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Texas and Alabama with good results (R2 = 0.58), noting that errors in their estimates 

occurred due to a lack of ground data and a temporal variability between their 

reference map and ICESat-2 data [28]. This result supports our findings in that the 

accuracy of field data (or lack thereof) can lead to inaccuracies in model predictions. 

Other studies that upscale space-based forest metric predictions using multispectral 

imagery have found moderate accuracy. For example, researchers estimated canopy 

heights in northeastern China using ICESat-2, Sentinel 1 and 2, and Landsat, and found 

accuracies ranging from R2 = 0.68 to 0.78 [79]. The variable importance measures 

revealed both interesting and expected results. For example, in both random forests 

models, EVI was not among the top ten important variables in the model, which 

contradicts a previous study using Sentinel-2 variables to predict AGB and volume in 

the same study site [50]. Similarly, the NDVI variable was only among the top ten most 

important variables in the model predicting AGB, but not for the model predicting 

volume. We did find that the mean_4 and con_4 variables were the top two most 

important variables in both models, which has been demonstrated as an important 

variable in other studies as well [55,79]. Because the mean_4 and con_4 variables are 

derived from the NIR band from Sentinel-2, they are capable of determining 

distinguishing vegetation than the other bands [69]. These results are an important 

insight for distinguishing the variation in dense forests like those in the southeastern 

U.S., particularly where calibrating a model for estimating merchantable timber volume 
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is the goal. Furthermore, previous studies have demonstrated that dense and highly 

variable forests can cause more difficulties when modeling forest parameters [22,80], 

and the results of the random forests model offer insight into what variables are most 

important for estimating forest metrics like AGB and volume. 

5.CONCLUSIONS 

Mapping volume and AGB across great extents using remote sensing data is the 

standard for modern ecologists and foresters interested in landscape level ecology and 

carbon estimation. However, despite the wide range of data sources available to 

researchers in the present era, methods to efficiently map volume and AGB at large 

extents and fine scales are still difficult, and efforts to map merchantable volume are 

few. Here we present an approach to developing wall-to-wall maps of merchantable 

timber volume and AGB by taking advantage of the extent and density of GEDI lidar 

footprint data in the southern Alabama, and the L4 AGBD product as a variable in 

modeling. By first estimating footprint level volume and AGB, other ancillary data 

sources can be leveraged to create wall-to-wall maps of volume and AGB at finer 

extents (25m) than those available in the L4 gridded product (1km). Limitations of this 

study include the inaccuracies associated with the reference maps, which caused high 

unexplained error in the final maps. Furthermore, despite the high spatial density of 

GEDI footprint data, spatial gaps can still cause unexplained variation in the 

capabilities of predictive models. We did however find usefulness in the GEDI L4A 
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AGBD as a predictor variable for modeling merchantable timber volume and AGB. This 

study also demonstrates the usefulness of Sentinel-2 variables, particularly those that 

take advantage of the NIR band, for upscaling estimates of volume and AGB across 

larger extents. Further work should be carried out to estimate the uncertainty 

propagated from the data sources used to produce the final product [7]. Further 

investigation of methods for efficiently and accurately mapping ecosystems at fine 

scales may continue to be the most important aspect of ecological research in the future, 

as climate change and anthropogenic altercations to ecosystems create new problems 

for both humankind and organisms in the biosphere. This fact will have a severe 

influence on timber production, as important regulations will shift the way foresters log 

in their forests [5]. Therefore, estimating merchantable timber volume and AGB is 

crucial to economies in the southeastern U.S., who heavily rely on the forest industry. 

The results of this study demonstrate a potential method for helping investigate these 

problems, and future studies can benefit from using adaptations of this method with 

improved techniques and technologies. 
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CHAPTER 4 

1.CONCLUSIONS 

Mapping forest structure has become central to many government and corporate 

organizations who rely on forests for carbon mitigation, conservation, and/or timber 

product operations. As discussed in the introduction of this document, many 

methodologies have been used to estimate forest metrics across an extent. However, as 

technologies in remote sensing improve, more accurate and higher resolution maps can 

be developed to support forest management. In the case of southern Alabama where 

forestry is a leading driver of the economy, mapping forest structure is going to become 

an essential part of forestry organizations as dramatic changes in the atmosphere and 

biosphere cause changes in the way forests are managed. In other words, foresters in 

southern Alabama will need maps of merchantable volume, BA, and AGB in order to 

find a balance between carbon mitigation, ecosystem health, and monetary gain from 

timber products. While maps of merchantable forest metrics have been produced 

commonly by airborne lidar [1,2], few have used spaceborne lidar for this explicit 

purpose [3], and none to the knowledge of the authors have used GEDI for this purpose 

in southern Alabama. Furthermore, no study has leveraged the L4A footprint level 

AGBD variable for calibrating merchantable timber volume and AGB models in 

southern Alabama. In this thesis, we used airborne lidar and field data to produce 

reference maps of merchantable timber volume, BA, and AGB across an extent 
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containing the SDFEC. These reference maps facilitated the investigation of GEDI 

spaceborne lidar for predictive merchantable timber and AGB mapping. A number of 

interesting findings come from these studies. For example, despite the evidence that 

separately, lidar and multispectral imagery have the ability to estimate forest structure 

[4,5], the combination of these variables do not necessarily improve models with just 

lidar variables. Furthermore, the linear regression models produced with lidar variables 

were comparable to the RF models which included both lidar and multispectral 

variables, except in the case of volume, which was improved by the use of the RF 

algorithm. There are a number of potential modeling techniques demonstrated for 

mapping forest structure which may suite a given study area better than others. For 

example, further work might investigate the use of random effects variables for 

prediction, or a bimodal distribution model that could help account for understory 

forest characteristics. However, linear regression modeling and RF have in the literature 

been consistently appropriate for successfully mapping forest structure. Interestingly, 

the models predicting volume using airborne lidar data were the most accurate (R2 = 

0.53) when compared to BA (R2 = 0.39) and AGB (R2 = 0.41). This is likely because the 

model used to calculate volume from the field data included a height variable, which 

helps account for the variation in volume due to tree height measured by lidar, while 

those for BA and AGB did not. Allometric equations used for calculating BA, volume 

and AGB from field data could benefit from variables that account for more variation 
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caused by a tree’s unique characteristics such as height and taper. Although the models 

developed from Chapter 2 were modest (R2 = 0.39 to 0.53), one of the major discussion 

points was the residual error in the model potentially caused by the field data. Forest 

inventory data from the SDFEC were highly selective, excluding non-merchantable 

trees, and measuring only trees that meet cruising specs. Lidar scanning, on the other 

hand, estimate all returns within a given pulse, and therefore measure all vegetation in 

a plot leading to mismatch between the field data and lidar data. Therefore, we highly 

recommend that foresters measure as much vegetation in a plot as possible, particularly 

in dense, mixed species forests. While this may take more time per plot for cruising, 

ultimately it will save time in the long run after highly accurate estimates of desired 

forest metrics are predicted across an extent. Another potential source of error that 

future researchers should consider is the difference in management in stand types 

throughout the study area. Natural stands and plantation stands have very different 

vegetation profiles, and may ultimately require different models or variables in the 

models. The forest inventory reference data could, for example, reflect this difference as 

a variable in modeling, however this study did not have that data. Nevertheless, the 

maps themselves can be useful for comparing areas of low and high BA, volume and 

AGB throughout the study site. Furthermore, changes in forest structure can be 

assessed as the lidar data used in the study (USGS 3DEP) [6] are repeated every three to 

four years, and most importantly they are free data which is useful for forestry 
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organizations trying to save on operational costs. Similarly, the GEDI spaceborne lidar 

data used in the second study (Chapter 3) were free, open-source data, however it is not 

geographically continuous data like airborne lidar data. Instead, if mapping is desired, 

researchers should consider a multi-phase approach that includes reference data and 

ancillary data to achieve spatially continuous maps. In our study, we leveraged 

Sentinel-2 data to extrapolate reference-based GEDI derived footprint level estimates of 

merchantable volume and AGB across a greater extent. While GEDI L4A footprint level 

estimates of AGBD are available as an estimate of biomass, we were more interested in 

estimating merchantable timber volume and AGB and instead used the L4A product as 

a variable to help calibrate our models. Although our footprint level models had low 

accuracy, the process of model building revealed useful results. For example, both of 

the best models predicting timber volume and AGB used the L4A AGBD variable. This 

is not surprising as the relationship between merchantable timber volume, AGB, and 

AGBD is quite strong. This and the height variable in each model contributed the most 

to explaining variation. More surprisingly was the fact that both models depended 

heavily on the foliage height diversity (fhd) variable instead of another height variable, 

demonstrating the importance of estimating variation in forest structure due to 

vegetation density. Therefore, future models of volume and AGB in dense heterogenous 

forests like those in southern Alabama would do well to consider forest density-based 

variables in their models. When relating footprint estimates of volume and AGB to 
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Sentinel-2 data for wall-to-wall mapping, we found that variables derived from the NIR 

band were most useful to mapping, but surprisingly the NDVI and EVI variables were 

not among the most important variables for predicting volume. Using these methods, 

we were able to develop maps of merchantable volume and AGB at a resolution of 25m, 

across a large extent (30km x 30km), and assess which variables from GEDI and 

Sentinel-2 were most important to forest mapping. Future work from this study could 

include estimating the errors propagated through each model into the final map 

products. Other work might involve the development of high resolution (1-meter) 

reference maps through methods such as individual tree detection or by relating highly 

accurate terrestrial or drone lidar data to airborne or spaceborne lidar. However, the 

most important work to consider in future analysis as suggested by the entirety of this 

thesis, is to have field data (or other auxiliary reference data) that completely represents 

the vegetation measured by the lidar system. This means that foresters should measure 

every species of tree contributing a significant amount of biomass or volume to a forest 

stand. Other vegetation types in a plot should be considered for measurement as well, 

because despite not having financial value, there is considerable value for ecosystem 

dynamics and carbon stock. Furthermore, in stands where understory vegetation is 

quite dense, the airborne lidar will measure it and introduce it as residual error in 

models where the field data only includes large merchantable trees. In both chapters of 

this thesis, stand types were delineated by major species groups (hardwood, pine, etc.) 
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and introduced as variables in models, but contributed nothing to the RF models, and 

were not included in linear regression models. Though anecdotal, we suspect that if the 

field data included more of the deciduous trees in a given plot, the land cover variable 

would have contributed significantly more to the models.  
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APPENDICES  

Appendix A 

Table A1. The best 1-5 variable models for models for BA, volume and AGB developed from the relationship between field 

inventory based estimates of BA, volume, and AGB, and airborne lidar variables in chapter 2. 

 

 

 

 

Forest 

Metric 

Model %RMSE RMSE MAE r2 Bias 

BA1 BA=2.15 + 0.0101cancovA 37.44 6.865 5.453 0.16 1.333 

BA2 BA=1.93 + 0.0164cancovA-2.62dens_0_10 32.81 6.016 4.741 0.31 1.056 

BA3 BA=1.94+0.0171cancovA-1.95dens_0_10-0.910dens_10_15 31.91 5.850 4.584 0.34 1.005 

BA4 BA=1.86+0.0181cancovA-2.06dens_0_10-1.017dens_10_15+0.0240var_3 31.59 5.792 4.591 0.36 0.9676 

BA5 BA=1.78+0.0173cancovA-1.73dens_0_10-1.06dens_10_15+0.672dens_15_20+0.0245var_3 31.26 5.371 4.456 0.36 0.9528 

Volume1 Vol=3.45+0.0797p50 39.92 55.75 42.30 0.32 11.85 

Volume2 Vol=2.53+0.0892p50+0.0115cancovA 36.35 50.77 37.72 0.45 8.893 

Volume3 Vol=2.82+0.0719p50+0.0132cancovA-0.957dens_10_15 35.97 50.24 37.13 0.45 8.698 

Volume4 Vol=3.20+0.0721p50+0.0148cancovA-1.11dens_10_15-0.594hom_1 35.32 49.33 37.30 0.45 8.299 

Volume5 Vol=3.09+0.0769p50+0.0145cancovA-1.03dens_10_15-0.590hom_1+0.213Elev_CV 35.30 49.23 37.32 0.45 8.287 

AGB1 AGB=3.63+0.00989cancovA 40.01 32.20 24.88 0.15 6.368 

AGB2 AGB=2.52+0.0122cancovA+0.0568p50 32.65 26.27 19.88 0.38 4.434 

AGB3 AGB=2.70+0.0132cancovA+0.0464p50-dens_10_15 32.46 26.12 19.65 0.38 4.387 

AGB4 AGB=2.57+0.0141cancovA+0.0484p50-0.626dens_10_15+0.0534var_2 31.95 25.72 19.59 0.39 4.160 

AGB5 AGB=2.53+0.0609p50+0.0136cancovA+0.924dens_15_20+0.0406var_2-0.432hom_1 31.26 25.20 19.35 0.41 4.064 



128 
 

 

Appendix A2 

Table A2. The best 1-5  variable models produced for volume and AGB developed from the relationship between airborne lidar 

reference maps and GEDI footprint level variables. 

Forest Metric Model R2 RMSE %RMSE MAE Bias 

Volume1 Vol = 62.2 + 3.88rh90 0.29 38.46 29.24 30.69 6.429x10-16 

Volume2 Vol = 72.1 – 107pavd1 + 4.04rh90 0.33 37.36 28.40 29.61 -8.488x10-16 

Volume3 Vol = 145 - 38.1fhd – 111pavd1 + 6.05rh90 0.35 36.80 27.94 29.15 1.287x10-15 

Volume4 Vol = 145 + 0.139agbd – 32.8fhd – 126pavd1 + 

4.22rh90 

0.36 36.60 27.76 28.81 1.506x10-15 

Volume5 Vol = 132 + 0.221agbd – 44.8cover – 43.2pavd1 

– 22.5fhd + 3.54rh90 

0.36 36.45 27.65 28.68 -7.134x10-16 

AGB1 AGB = 56.9 + 1.52rh90 0.26 16.01 19.96 12.31 -2.861x10-16 

AGB2 AGB = 59.8 – 33.6pavd1 + 1.59rh80 0.28 15.75 19.64 12.07 2.158x10-16 

AGB3 AGB = 62.4 + 0.0686agbd – 38.5pavd1 + 

0.816rh80 

0.29 15.64 19.47 11.88 1.600x10-16 

AGB4 AGB = 76.0 – 6.41fhd + 0.0690agbd – 40.3pavd1 

+ 1.13rh80 

0.30 15.59 19.41 11.83 -1.102x10-16 

AGB5 AGB = 74.7 + 0.0804agbd -12.9cover-15.6pavd1 

– 5.10fhd+1.18rh80 

0.30 15.60 19.37 11.81 -7.276x10-16 

 

 


