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In this study, we develop a methodology for classifying FIA defined forest type across the 

Tanana Inventory Unit (TIU) using a fusion of hyperspectral and LiDAR data. The hyperspectral 

and LiDAR data used in this study were collected as part of the 2014 acquisition with the NASA 

Goddard's LiDAR, Hyperspectral & Thermal Imager (G-LiHT). In order to determine the best 

classification method, we tested 5 classification algorithms: Naive Bayes Classifier, K-Nearest 

Neighbor, Multinomial Logistic Regression, Support Vector Machine, and Random Forests.  

Each model was trained and validated using the forest type corresponding to each FIA subplot, 

alongside raw hyperspectral data (114 spectral bands in total), hyperspectral vegetation indices, 

and selected LiDAR-derived canopy height and topography metrics. Six different combinations of 

this input data were tested to determine the most accurate classification algorithm and model 

inputs. A 3-fold cross validation was performed in order to ensure that all data was included in 



 

both training and validation, but never within the same model. Of the five models and six model 

input combinations tested, we found Random Forest with hyperspectral vegetation indices as well 

as topography and canopy height metrics as model inputs had the highest accuracy at 77.53% 

overall. With the completion of this work, we hope to use this “best” model to classify forest types 

across the Tanana Inventory Unit in central inland Alaska where there is G-LiHT coverage. 

There are three primary sections of this thesis document. The first is an informal introduction 

to the study wherein the study, the people involved, and the lessons learned along the way are all 

introduced. The second section is an overview the research performed. This is the publication-

ready document which details the work performed in this study. It provides an overview of the 

relevant literature, methods and materials used, and discusses the implications of the findings from 

this study. The third and final section is an extended discussion of future work. It gives detailed 

descriptions of future research that can be undertaken following this study, and gives open and 

detailed critique of the methods and materials used in this study in order to inform future research. 

It also provides a detailed description of the bootstrap aggregation process that was attempted to 

improve accuracies. 
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Chapter 1. INTRODUCTION  

Alaska is the largest state in the United States at 665,384 square miles in total area [1]. It 

is also the most northern state, with almost a third of its land area lying within the Arctic Circle. 

In 2017, Alaska was said to have an estimated population of 739,795, making it the 4th least 

populated U.S. state [2]. According to the 2011 National Land Cover Database, Alaska is made up 

of 20.26% forest and 39.67% shrubland [3]. The federal government owns the majority of the land 

in Alaska at about 346,875 square miles, or about 60% of the total land area [4]. Of that, the United 

States Department of Agriculture (USDA) Forest Service manages 21,956,250 acres of land, 

including wilderness, wetlands, roads, streams, trails, and much more [5].  

The USDA Forest Service Forest Inventory and Analysis (FIA) program has provided vital 

information for assessing the status of forests in the United States of America since 1930 [6]. The 

modern Enhanced FIA Program implements a 3-phase sampling design. The first phase uses 

ancillary data, such as satellite or aerial imaging, to stratify the land area by cover. The second 

phase is the installation and measurement of permanent ground plots, so long as any portion of the 

plots contain forest land use. The plots are typically established along a hexagonal grid, wherein 

there is one ground plot in each 6000-acre hexagon. The third and final phase is conducted on 

1/16ths of all established FIA plots, or approximately one plot per 96,000 acres. These plots are 

also included in the Phase 2 plots; thus, all the same measurements are made, but they also measure 

biotic and abiotic features associated with forest and ecosystem health [7].  

In Alaska, the first inventory was conducted in the late 1950s and early 1960s. In interior 

Alaska, this inventory had 3 levels of sampling: large scale aerial photography (37,177 photos in 

total), an air check of 10% (3,774) of photos to verify photo-interpreted information, and field 
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visits and measurement of a small subsample (355) of the air-checked plots. This inventory 

allowed for estimation (with high levels of error) of a variety forest characteristics across the entire 

region, including forest area, size class, species composition, and volume. In the 1980’s, a four-

phase, multilevel inventory design (the Alaska Integrated Resource Inventory System (AIRIS)) 

was implemented in the Tanana Valley of Interior Alaska. This used satellite and aerial imagery 

to interpret vegetation class, volume, stand size class, foliar cover by vegetation class, understory 

component, tree crown diameters, tree and (or) shrub heights, and land use. Ground plots were 

also implemented to collect standard timber inventory variables [8].  More recently, plots were 

established in southeast and south-central Alaska between 1995 and 2003 [9]–[11]. The annual 

coastal inventory started in 2004, with a total of 2,227 plots collected between 2004 and 2013 [12]. 

This inventory only covered a small portion of Alaska’s forests, leaving out approximately 112 

million acres of interior Alaska, or 15% of forested land in the United States. This area was not 

included in surveying due to remoteness, size, lack of transportation infrastructure, complex 

logistics, and cost [13]. In 2014, a pilot project was established to begin the work of surveying 

interior Alaska, starting with the Tanana Valley of Interior Alaska. This area included the Tanana 

Valley State Forest and Tetlin National Wildlife Refuge which were sampled at a 1:4 intensity (or 

1 plot per 24,000 acres) on a hexagonal grid [14].  

At the same time that these new FIA plots were established, G-LiHT (Goddard-

Lidar/Hyperspectral/Thermal) was simultaneously collected in order to augment the sparse-sample 

design. This new suite of sensors developed by NASA Goddard Space Flight Center 

simultaneously maps the composition, structure, and function of terrestrial ecosystems at high (~1 

m2) spatial resolution using LiDAR, hyperspectral, and thermal imaging [15]. This allows for 

improved assessment of forest conditions beyond FIA plots.  
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One key part of FIA plot protocol is the mapping of condition classes within each plot. The 

condition class attributes recorded for each plot describe the forest structure, composition, and 

disturbance history. This information allows for the FIA program to estimate and account for 

changes in forest land. A basic requirement of this estimation and accounting is to report the 

current status of forest lands by forest type [16]. Forest type is defined as the code associated with 

the dominant stocking of live trees that are not overtopped and is recorded for each subplot [7]. 

This essentially records the dominant tree species present at a given plot. If there are no trees 

present or if the trees do not meet a specific stocking threshold, then the plot is marked as non-

forest [16]. This data allows for the understanding of the distribution of different species 

throughout the forests. In combination with the G-LiHT data collected, this can be used to classify 

forest type throughout that Tanana valley of interior Alaska. 

In this study, we develop a methodology for classifying FIA defined forest type across the 

Tanana Inventory Unit (TIU) of interior Alaska using a fusion of hyperspectral and LiDAR data 

collected as part of the 2014 G-LiHT mission. This study consists of two main parts. In the first 

part, we aimed to determine the best classification algorithm for classifying forest type within our 

study area. We tested 5 classification algorithms: Naive Bayes Classifier, K-Nearest Neighbor, 

Multinomial Logistic Regression, Support Vector Machine, and Random Forests. Each model was 

trained and validated using the forest type corresponding to each FIA subplot. 

The second part of this study aimed to determine which combination of predictor variables 

resulted in the highest classification accuracies. Six different combinations of predictor input data 

were tested. These predictor inputs were different combinations of the available data for each plot: 

raw hyperspectral bands, hyperspectral vegetation indices, DTM metrics, and CHM metrics. We 

found that the Random Forests classification method with hyperspectral vegetation indices, 5 raw 
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hyperspectral bands (red, green, blue, near infrared, and red edge), and DTM and CHM metrics 

resulted in the highest overall and kappa accuracy.  

1.1 PURPOSE 

Within the rural communities of interior Alaska, the availability of fuel sources is an 

extremely important issue in many households. With this, interior Alaska’s communities are 

interested to know how much biomass is available in Alaska’s forests for use in homes, biofuel 

production, and timber sales [17]. In addition, understanding biomass in Alaska helps us to better 

quantify and measure changes in boreal forests under climate change.  

In order to accurately predict biomass, it is important that we understand the likelihood of 

a vegetation species being present in a given location. The 3D structural and spectral data from G-

LiHT and the field data from the newly installed FIA plots, provide the information necessary to 

predict forest type within the TIU. The best classification algorithm and model inputs for this 

process is unknown. This study tests 5 commonly used algorithms and 6 model inputs derived 

from LiDAR and Hyperspectral data.  

1.2 ABOUT OUR TEAM 

This study was performed by Caileigh Shoot, a graduate student in the University of 

Washington (UW) Remote Sensing and Geospatial Analysis Laboratory (RSGAL). The UW 

RSGAL is the remote sensing and geospatial research partner of the Precision Forestry 

Cooperative (PFC) in the College of the Environment, School of Environmental and Forest 

Sciences (SEFS) at the University of Washington.  

The PFC was created to conduct pioneering research in forest management and assessment 

at a new scale of resolution and accuracy with the goal of producing economic and environmental 
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benefits. The PFC’s overarching mission is to develop advanced technology solutions to improve 

the quality and reliability of information needed for planning, implementation, and monitoring of 

natural resource management, to ensure sustainable forest management. The PFC frequently works 

with collaborators throughout the Pacific Northwest and the world in order to achieve this mission. 

For this work, the PFC worked with Hans-Erik Andersen of the USDA Forest Service Pacific 

Northwest Research Station. Hans provided all the necessary data to perform these analyses, and 

acted as co-chair on Caileigh Shoot’s committee, alongside PFC Director L. Monika Moskal.  
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Chapter 2. CLASSIFYING FIA FOREST TYPE FROM A FUSION OF 

HYPERSPECTRAL AND LIDAR DATA 

2.1 ABSTRACT 

In this study, we develop a methodology for classifying FIA defined forest type across the 

Tanana Inventory Unit (TIU) using a fusion of hyperspectral and LiDAR data. The hyperspectral 

and LiDAR data used in this study were collected as part of the 2014 acquisition with the NASA 

Goddard's LiDAR, Hyperspectral & Thermal Imager (G-LiHT). In order to determine the best 

classification method, we tested 5 classification algorithms: Naive Bayes Classifier, K-Nearest 

Neighbor, Multinomial Logistic Regression, Support Vector Machine, and Random Forests.  

Each model was trained and validated using the forest type corresponding to each FIA subplot, 

alongside raw hyperspectral data (114 spectral bands in total), hyperspectral vegetation indices, 

and selected LiDAR-derived canopy height and topography metrics. Six different combinations of 

this input data were tested to determine the most accurate classification algorithm and model 

inputs. A 3-fold cross validation was performed in order to ensure that all data was included in 

both training and validation, but never within the same model. Of the five models and six model 

input combinations tested, we found Random Forest with hyperspectral vegetation indices as well 

as topography and canopy height metrics as model inputs had the highest accuracy at 77.53% 

overall. With the completion of this work, we hope to use this “best” model to classify forest types 

across the Tanana Inventory Unit in central inland Alaska where there is G-LiHT coverage. 

2.2 INTRODUCTION 

The United States Forest Service (USFS) Forest Inventory and Analysis (FIA) program is 

designed to give the USFS the information necessary to monitor and assess our nation's forests. 
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Since 1930 the USFS has continually monitored much of our nation's forests [18]. In Alaska, the 

first statewide inventory was conducted in the late 1950s and early 1960s. The interior Alaska 

component of this inventory had 3 levels of sampling: large scale aerial photography (37,177 

photos in total), an air check of 10% (3,774) of photos to verify photo-interpreted information, and 

field visits and measurement of a small subsample (355) of the air-checked plots. This inventory 

allowed for estimation (with high levels of error) of a variety forest characteristics across the entire 

region, including forest area, size class, species composition, and volume.  

In the 1980’s, a four-phase, multilevel inventory design (the Alaska Integrated Resource 

Inventory System (AIRIS)) was implemented in the Tanana Valley of Interior Alaska. This used 

satellite and aerial imagery to interpret vegetation class, volume, stand size class, foliar cover by 

vegetation class, understory component, tree crown diameters, tree and (or) shrub heights, and land 

use. Ground plots were also implemented to collect standard timber inventory variables [8].  

More recently, plots were established in southeast and south-central Alaska between 1995 

and 2003 [9]–[11].  The annual coastal inventory started in 2004, with a total of 2,227 plots 

collected between 2004 and 2013 [12]. This inventory only covered a small portion of Alaska’s 

forests, leaving out approximately 112 million acres of interior Alaska, or 15% of forested land in 

the United States. This area was not included in surveying due to remoteness, size, lack of 

transportation infrastructure, complex logistics, and cost [13]. In 2014, a pilot project was 

established to begin the work of surveying interior Alaska, starting with the Tanana Valley of 

Interior Alaska. This area included the Tanana Valley State Forest and Tetlin National Wildlife 

Refuge which were sampled at a 1:4 intensity (or 1 plot per 24,000 acres) on a hexagonal grid [14].  

One key part of FIA plot protocol is the mapping of condition classes within each plot. The 

condition class attributes recorded for each plot describe the forest structure, composition, and 
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disturbance history. This information allows for the FIA program to estimate and account for 

changes in forest land. A basic requirement of this estimation and accounting is to report the 

current status of forest lands by forest type. Forest type is a measure of the dominant stocking of 

live trees that are not overtopped at a given subplot [16].  

These forests play an important role in the global carbon cycle, thus monitoring them is 

critical to our understanding and quantification of the rate of climate change and its impacts on 

forest systems [19], [20].  In order to better quantify carbon stored in forests, it is important that 

we determine not only the volume of woody material found in forests, but also the species of that 

material. This allows for more accurate quantification of the carbon stored by forests [21]. 

In 2014, NASA flew the Goddard's LiDAR, Hyperspectral & Thermal Imager (G-LiHT) 

sensor in 250-meter-wide strips spaced 9.3 km apart over the Tanana valley of central Alaska, 

covering a variety of state and federal lands, including many recently installed FIA plots [14]. The 

G-LiHT unit simultaneously collects light detection and ranging (LiDAR), Hyperspectral, and 

Thermal data with three separate sensors integrated with GPS [22].  LiDAR has been shown to be 

an extremely useful tool for characterizing forest structure across landscapes [23], [24]. 

Hyperspectral imaging can be used to differentiate the spectra of different land cover types [25]–

[27].  

The goal of this study is to develop a methodology for classifying US Forest Service Forest 

Inventory and Analysis (FIA)-defined forest type using a combination of hyperspectral and LiDAR 

data over central Alaska’s forests. A model will be trained on the available FIA subplot forest type 

data, alongside hyperspectral and LiDAR remotely sensed data. 632 subplots fall within the study 

area and intersect with the available hyperspectral and LiDAR data. All of these plots will be used 

for training and validating the models. Five different classification algorithms and 6 model input 
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combinations of LiDAR and Hyperspectral data were tested to compare their accuracies and 

determine the best classification algorithm and model inputs to use across USFS land where FIA 

forest type information is available. With this methodology, we were able to achieve 77.53% 

overall prediction accuracy.  

2.3 MATERIALS 

2.3.1 Study Location 

This study was conducted within the Tanana Inventory Unit (TIU) located within the 

Tanana Valley of Interior Alaska (Figure 2.1). This region is 136,482 km2 in area, dominated by 

black spruce (Picea mariana), white spruce (Picea glauca), tamarack (also referred to as larch, 

Larix laricina), Alaska paper birch (Betulapapyrifera var. neoalaskana), quaking aspen (Populus 

tremuloides), and balsam poplar (Populus balsamifera). These forests frequently have a significant 

non-tree vegetation component which includes shrubs such as dwarf birch (Betula spp.) and willow 

(Salix spp.) [28]–[32].  



 

 

10 

 

Figure 2.1. Tanana Inventory Unit Boundary and 2014 G-LiHT Flight Lines. 

 

2.3.2 FIA Field Data 

Much of Alaska’s vast, inland forests have not been included in this census as they are 

extremely remote, with much of the area being accessible only by helicopter. In 2014 the US Forest 

Service began the long and arduous process of installing FIA plots throughout Alaska, starting 

with plots within the Tanana Inventory Unit (TIU) (Figure 2.1). 

The modern Enhanced FIA Program implements a multi-phase sampling design. The first 

phase uses ancillary data, such as satellite or aerial imaging, is used to stratify the land area by 

cover. The second phase is the installation and measurement of permanent ground plots, so long 

as any portion of the plots contain forest land use. The plots are typically established along a 

hexagonal grid, wherein there is one ground plot in each 6000-acre hexagon. The plots are laid out 

such that there is one central subplot, and 3 outer subplots that are each 120 ft. from center-to-

center (Figure 2.2). In the 2014 pilot project in the Tanana Valley of Interior Alaska the plots were 
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sampled along a 24,000-acre hexagon grid due to the cost and accessibility issues associated with 

these plots [14]. 

 

Figure 2.2. FIA Subplot and Micro plot layout (obtained from the Coastal Alaska FIA manual). 

 

This study focuses on the Forest Type condition class information at each subplot. For each 

subplot, field crews recorded the forest type code (Table 2.1) associated with the dominant 

stocking of live trees that are not overtopped. This essentially records the dominant tree species 

present at a given plot. If there are no trees present or if the trees do not meet a specific stocking 

threshold, then the plot is marked as non-forest [16]. Additionally, survey grade GPS coordinates 

were collected at each FIA subplot center within the TIU, ensuring the data could be accurately 

aligned with remotely sensed data.  
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Table 2.1. Each forest type is indicated by a forest type code, the key for which can be seen here. 

Code 
Species Common 

Name 
Species Scientific Name 

122 White spruce Picea glauca 

125 Black spruce Picea mariana 

126 Tamarack Larix laricina 

264 Pacific silver fir Abies amabilis 

268 Subalpine fir Abies lasiocarpa 

270 Mountain hemlock Tsuga mertensiana 

271 Alaska-yellow-cedar Cupressus nootkatensis 

281 Lodgepole pine Pinus contorta 

301 Western hemlock Tsuga heterophylla 

304 Western redcedar Thuja plicata 

305 Sitka spruce Picea sitchensis 

703 Cottonwood Populus L. 

901 Aspen Populus tremuloides 

902 Paper birch Betula papyrifera 

904 Balsam poplar Populus balsamifera 

911 Red alder Alnus rubra 

2.3.3 Data Pre-Processing 

In 2014, at the same time that field crews were on the ground installing FIA plots, NASA 

flew the Goddard's LiDAR, Hyperspectral and Thermal Imager (G-LiHT) sensor in strips over the 

TIU, covering most of the recently installed FIA plots. The G-LiHT unit simultaneously collects 

LiDAR, Hyperspectral, and Thermal data with three separate sensors integrated with a high 

precision positioning system [22].  

This study focuses on the Hyperspectral and LiDAR data collected as part of this 

acquisition. The hyperspectral data was pre-processed by a team at NASA, resulting in 114 bands 

equally spaced with 4 nm distance between 418 and 918 nm at 1 m spatial resolution. This 

preprocessing was performed as a data and noise reduction step. Radiometric calibration of the 

data was also performed [22]. LiDAR point clouds were processed in FUSION to obtain digital 

terrain models (DTM) from the ground-classified points and canopy height models (CHM) from 

the highest point in each grid cell, each at 1 meter resolution [33].  
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2.4 METHODS 

The DTM was processed to obtain topography metrics using the gdaldem function within 

the gdalUtils package in R [34]. The metrics obtained using this function were: slope, aspect, 

topographic roughness index (TRI), topographic position index (TPI), and roughness [35].  

The CHM was processed to obtain canopy metrics using the GridSurfaceStats command 

line utility in FUSION [33]. This resulted in the metrics max height, potential volume, surface area 

ratio, surface volume, and surface volume ratio.  

The hyperspectral data was processed in R to obtain a variety of hyperspectral vegetation 

indices, each of which describe a different and unique spectral characteristic of vegetation. In total 

27 metrics were tested in order to ensure they describe all unique characteristics of each forest 

type. EVI, ISR, ISR (NDRE), NDRE, NDVI, SR, SR (RE), VARI, and VIgreen can be used to 

describe vegetation structure such as the amount of green biomass, and leaf area index. PSND (a 

and b), PSRI, PSSR, and SIPI can be used to describe biochemical pigments that make up 

vegetation. CARI, CI (RE), CSM, CSM (RE), Datt, and MCARI have been found to describe 

chlorophyll content in plants. ACI, ARI, and mARI describe anthrocyanin content. CRI (1 and 2) 

describe carotenoid content (Table 2.2). 

Table 2.2. Hyperspectral vegetation indices used as data inputs for classification algorithms 

tested in this study. Adapted from table 14.1 found in Thenkabail & Lyon, 2016 [36]. 
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Index Equation Reference 

Raw Hyperspectral Bands 

Red (𝑅𝑅𝑒𝑑) 𝑅650  

Green (𝑅𝐺𝑟𝑒𝑒𝑛) 𝑅550  

Blue (𝑅𝐵𝑙𝑢𝑒) 𝑅475  

NIR (𝑅𝑁𝐼𝑅) 𝑅710  

Red Edge (𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒) 𝑅800  

Metrics Describing Structure (Green Biomass, Leaf Area Index, etc.) 

EVI 
2.5 × (−𝑅𝑅𝑒𝑑)

(𝑅𝑁𝐼𝑅  +  (6 ×  𝑅𝑅𝑒𝑑)  − (7.5 ×  𝑅𝐵𝑙𝑢𝑒)  +  1)
 [37] 

ISR 
1 − 𝑁𝐷𝑉𝐼

1 + 𝑁𝐷𝑉𝐼
 [38], [39] 

ISR NDRE 
1 − 𝑁𝐷𝑅𝐸

1 + 𝑁𝐷𝑅𝐸
 [39] 

NDRE 
𝑅𝑁𝐼𝑅 − 𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒

𝑅𝑁𝐼𝑅 + 𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒
 [40] 

NDVI 
𝑅𝑁𝐼𝑅 − 𝑅𝑅𝑒𝑑

𝑅𝑁𝐼𝑅 + 𝑅𝑅𝑒𝑑
 [41] 

SR 
𝑅𝑁𝐼𝑅

𝑅𝑅𝑒𝑑
 [42] 

SR Red Edge 

𝑅𝑁𝐼𝑅

𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒
  

VARI 
𝑅𝐺𝑟𝑒𝑒𝑛 − 𝑅𝑅𝑒𝑑

𝑅𝐺𝑟𝑒𝑒𝑛 + 𝑅𝑅𝑒𝑑 − 𝑅𝐵𝑙𝑢𝑒
 [43] 

VIgreen 
𝑅𝐺𝑟𝑒𝑒𝑛 − 𝑅𝑅𝑒𝑑

𝑅𝐺𝑟𝑒𝑒𝑛 + 𝑅𝑅𝑒𝑑
 [43] 

Metrics Describing Biochemical Characteristics 

Pigments 

PSND a 

𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 − 𝑅675

𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 + 𝑅675
 [44] 

PSND b 
𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 − 𝑅𝑅𝑒𝑑

𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 + 𝑅𝑅𝑒𝑑
 [44] 

PSRI 
𝑅680 − 𝑅500

𝑅750
 [45] 

PSSR a 
𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒

𝑅675
 [46] 

PSSR b 

𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒

𝑅𝑅𝑒𝑑
 [46] 

SIPI 
𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 − 𝑅445

𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒 − 𝑅680
 [47] 

Chlorophyll 

CARI (𝑅700 − 𝑅670) − 0.2 × (𝑅700 − 𝑅550) [48] 
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CI Red Edge 

𝑅𝑁𝐼𝑅

𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒
− 1 [49] 

CSM 
𝑅𝑅𝑒𝑑

𝑅𝑁𝐼𝑅
 [50] 

CSM Red Edge 
𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒

𝑅𝑁𝐼𝑅
 [50] 

Datt 
𝑅𝑁𝐼𝑅 − 𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒

𝑅𝑁𝐼𝑅 − 𝑅𝑅𝑒𝑑
 [51] 

MCARI ((𝑅700 − 𝑅670) − 0.2 × (𝑅700 − 𝑅550)) ×
𝑅700

𝑅670
 [52] 

Anthrocyanins 

ACI 
𝑅𝐺𝑟𝑒𝑒𝑛

𝑅𝑁𝐼𝑅
 [53] 

ARI 
1

𝑅𝐺𝑟𝑒𝑒𝑛
−

1

𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒
 [54] 

mARI (
1

𝑅𝐺𝑟𝑒𝑒𝑛
−

1

𝑅𝑅𝑒𝑑 𝐸𝑑𝑔𝑒
) ×  𝑅𝑁𝐼𝑅 [49] 

RGRI 
𝑅𝑅𝑒𝑑

𝑅𝐺𝑟𝑒𝑒𝑛
 [55] 

Carotenoids 

CRI1 
1

𝑅510
−

1

𝑅550
 [56] 

CRI2 
1

𝑅510
−

1

𝑅700
 [56] 

 

2.4.1 Averaging Data over Subplots 

All DTM and CHM metrics were averaged over each circular subplot (7.3-meter radius). 

When aggregating the hyperspectral indices, shadow pixels were eliminated by removing pixels 

that fell into the lower 10% quantile for the hyperspectral indices Normalized Difference 

Vegetation Index (NDVI), photochemical reflectance index (PRI), or Red Edge normalized 

difference vegetation index (RENDVI) [57], [58]. These pixels were marked and removed in all 

vegetation indices when averaging over each circular subplot. All of these resulted in average 

DTM and CHM metrics, and Hyperspectral indices for each FIA subplot (Figure 2.3).  
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Figure 2.3. Aggregating the values of the LiDAR and Hyperspectral data contained within each 

subplot boundary started by overlaying the subplot boundary on top of the data (A). Then, the 

plot boundary was used to clip the data to only include the pixels whose cell center was within 

the boundary of the subplot (B). Then, shadow pixels were eliminated from the hyperspectral 

vegetation index layers by removing pixels that fell into the lower 10% quantile for the 

hyperspectral indices Normalized Difference Vegetation Index (NDVI), photochemical 

reflectance index (PRI), or Red Edge normalized difference vegetation index (RENDVI) (C). All 

included pixels from the hyperspectral and LiDAR data that fell within the subplot boundary 

were averaged (D) and inserted into a data frame (E). 

2.4.2 Data Subsetting 

In total, 632 FIA subplots are covered by the G-LiHT data used in this study. The nested 

subplot design of FIA plots leads to an issue of pseudo replication. Subplots that lie within the 

same plot are only 120 ft. from one another, and thus are more likely to be spectrally and texturally 

(both in the canopy and topography) similar to one another than plots in different parts of the 

forest. Thus, the models are more likely to classify the forest types of these subplots correctly, 

even if they trained on a different subplot within the same plot.  

Most studies that focus on the FIA subplots overcome this issue by selecting only one 

subplot per plot, and eliminating the remaining plots from the analysis  [59], [60]. In this study, 

we came to realize that when this was done, all forest types could not be represented in both the 
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training and validation data as there were insufficient subplots to ensure that both training and 

validation subsets had at least one subplot of each forest type (Table 2.3).  

Table 2.3. Number of subplots per forest type. 

Forest Type 

Number of 

Subplots 

Aspen 23 

Balsam Poplar 7 

Black Spruce 280 

Cottonwood 12 

Paper Birch 175 

Tamarack 4 

White Spruce 93 

Non-forest 38 

The way to overcome this would be to replicate these subplots so that the same subplots 

could be used in validation and training, to ensure that all species were represented. But, this direct 

replication of the data seemed even less desirable than the pseudo-replication created by the nested 

plot design. Thus, it was concluded that all subplots would be used in this analysis, and that it must 

be recognized that pseudo replication is present and thus these results will be an overestimation of 

the true accuracy of this methodology. Until there is a sufficient number of subplots of each forest 

type, this issue cannot be addressed further. Bootstrap aggregating, or bagging, was tested, but did 

not improve model performance [61]. 

2.4.3 Models 

The 5 classification algorithms tested in this study were: Random Forest, Support Vector 

Machine (SVM), K-Nearest Neighbor (KNN), Naive Bayes Classifier (NBC), and Multinomial 

Logistic Regression (Table 2.4). These five algorithms were chosen because they are commonly 

used in ecological classification studies, but have not been simultaneously compared in any other 

known ecological study. Random forest is a machine learning algorithm that uses an ensemble of 

decision trees that are split at each node using a random subset of input predictors. This is repeated 
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a set number of times and used to create models for prediction of classes [62], [63]. Support vector 

machines use hyperplanes in an n-dimensional space to separate and distinguish distinct classes in 

a dataset [64], [65].  K-Nearest Neighbor classifiers find the k closest training vectors in Euclidean 

space to the validation set, and determine the class based on a majority vote of the k training vectors  

[66], [67]. A naive Bayes classifier is a probability-based classifier that uses Bayes’ theorem and 

assumes conditional independence and a Gaussian distribution in the predictor metrics. The model 

computes the conditional posterior probability of the response and uses that to perform 

classifications [68]–[71]. Multinomial logistic regressions use a logistic regression to predict the 

probability of different classes given a set of independent predictor variables [72]. In this study, 

all Multinomial Logistic Regression models were fit using neural networks [72]. 

Table 2.4. Classification algorithms used and their associated R functions and packages, as well 

as the run specifications that were used with that function when running the models. 

Classification 

Algorithm 

R Function R Package Model Run Specifications 

Random Forest randomForest randomForest ntrees = 5000 

Support Vector 

Machine (both 

Tuned and 

Untuned) 

svm e1071 Tuning parameters were set to values 

between  

cost=10(-1:2) 

gamma= c(.5,1,2) 

The best parameters were selected and 

used in the final models. 

K-Nearest 

Neighbor 

knn class K values between 0 and 100 were 

tested, the value that resulted in the 

most accurate predictions was used in 

the final models. 

Naive Bayes 

Classifier  

naiveBayes e1071 Default 

Multinomial 

Logistic 

Regression 

multinom nnet Default 

These five classification algorithms were tested to determine the best algorithm for 

classifying forest type from hyperspectral and LiDAR data. The overall and kappa prediction 

accuracies for each model were compared in order to determine the best model for the data. Overall 

https://cran.r-project.org/web/packages/randomForest/randomForest.pdf
https://cran.r-project.org/web/packages/e1071/e1071.pdf
https://cran.r-project.org/web/packages/class/class.pdf
https://cran.r-project.org/web/packages/e1071/e1071.pdf
https://cran.r-project.org/web/packages/nnet/nnet.pdf


 

 

19 

prediction accuracy is the accuracy is defined as the rate at which the model correctly predicted a 

given class, or forest type in this case. It is calculated by taking the sum of the total number of 

correct predictions divided by the total number of predictions made. Kappa accuracy, or the kappa 

coefficient of agreement, is a commonly used metric in remote sensing that takes into account the 

expected error rate. Kappa is calculated by subtracting the expected accuracy (E) from the 

observed accuracy (O), and dividing that by 1 minus the expected accuracy (
𝑂−𝐸

1−𝐸
) [73]. The kappa 

statistic is highly controversial in the field of remote sensing, which is why it was used in 

combination with overall accuracy in this study [74]. 

When necessary, parameters within the models were tuned in order to improve accuracy of 

the models. In the case of Random Forest models, 5000 trees were used instead of the default 500 

in order to boost model performance and obtain a more consistent estimation of variable 

importance between different model runs [75]. When tuning the Support Vector Machine, a variety 

of tuning parameters were tested (cost values between 10-1 and 102 and gamma values .5, 1, 2). 

The best parameters were selected from the tuning function and used in the final models with a 

radial kernel. In the K-Nearest Neighbor models, k values between 0 and 100 were tested in order 

to determine the k value that resulted in the highest prediction accuracy. This k value was 

individually selected and used for each model. In the case of the Naive Bayes Classifier and 

Multinomial Logistic Regression models, all default parameters were used.  

All available subplot data was used in a 3-fold cross validation in order to ensure that all 

data was included in both validation and training. The 3-fold cross validation used ~33% of the 

data for validation and ~66% for training, and then was rotated so that different thirds of the data 

were used in 3 different models for each modeling algorithm tested. These models were used to 

make predictions over the validation data, and compared with the known values for each of the 3 
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models (Figure 2.4). This ensures that a prediction was made on every data point within the model, 

without overfitting the models by validation and training on the same data. In total, there were 15 

separate models (3 models for each of the 5 classification algorithms) which were compared for 

each response input.  

 

Figure 2.4. This figure illustrates the 3-fold cross validation performed as part of this study. The 

data was broken up into thirds such that ⅓ was used for validation and ⅔ were used for training. 

The validation and training always included different data, but was cycled in 3 models so that all 

parts of the data were included in some validation, allowing for unbiased prediction of forest 

type over the entire dataset. 

2.4.4 Predictor Inputs 

For each classification algorithm tested, 6 predictor data inputs were also tested, excluding 

the Multinomial Logistic Regression which had 5 inputs. These inputs were tested in order to 

determine which data or combination of data best predicted forest type.  

The predictor inputs tested were different combinations of the available data for each plot: 

raw hyperspectral bands, hyperspectral vegetation indices, DTM metrics, and CHM metrics. In the 

first predictor input group, all available data for the subplots were input into the model. This group 

was not tested in the Multinomial Logistic Regression models as there were too many predictor 

inputs, causing an error when attempting to run the model. In the second predictor group, most of 



 

 

21 

the raw hyperspectral bands (excluding one band each for red, green, blue, near infrared, and red 

edge) were removed and included only the hyperspectral indices and DTM and CHM metrics. The 

other four predictor groups consisted of the individual predictor data groups: raw hyperspectral 

bands, hyperspectral vegetation indices and 5 raw bands (one band each for red, green, blue, near 

infrared, and red edge; all are listed in Table 2.2), DTM metrics, and CHM metrics (Figure 2.5 and 

Figure 2.6).  

 

Figure 2.5. Six model predictor data inputs were tested for each modeling algorithm tested. 

These predictor inputs were different combinations of the available data for each plot: raw 

hyperspectral bands, hyperspectral vegetation indices, DTM metrics, and CHM metrics. In the 

first predictor input group, we tested all available data for the subplots. This group was not tested 

in the Multinomial Logistic Regression models as there was too many predictor inputs, causing 

an error when attempting to run the model. In the second predictor group, we removed most of 

the raw hyperspectral bands (excluding one band each for red, green, blue, near infrared, and red 

edge; all are listed in Table 2.2) and included only the hyperspectral indices and DTM and CHM 

metrics. The other four predictor groups consisted of the individual predictor data groups: raw 

hyperspectral bands, hyperspectral vegetation indices, DTM metrics, and CHM metrics. 
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Figure 2.6. This shows all the models inputs and 3-fold validation process undertaken for each 

classification algorithm tested. For each algorithm tested, a 3-fold cross validation was 

performed. Within that 3-fold cross validation, each model tested 6 predictor data inputs, giving 

a total of 18 models for each classification algorithm tested.  

2.4.5 Important Predictor Variables from Random Forest Model 

Random forest estimates the importance of a predictor variable by determining how much 

out of bag (OOB) error increases when data for that variable is permuted while others are left 

unchanged [62]. There are multiple ways that one can measure variable importance; this study 

used mean decrease in accuracy to measure variable importance rather than mean decrease in Gini 

[75].  

In order to assess overall variable importance, the predictor input group which resulted in 

the highest accuracy and response data for all subplots were input into a single Random Forest 
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model. The three-fold cross validation was not necessary as this model was not being used for 

assessing prediction accuracy, rather it was only used for assessing variable importance.  In this 

final model, 15,000 trees were used in order to ensure extremely stable estimates of variable 

importance [62], [75]. 

2.5 RESULTS 

In comparing model performance for each model with each predictor input group, the 

overall prediction accuracy and kappa value were used to evaluate the model performance. Model 

accuracy was calculated by comparing the predicted forest types to the actual forest types over the 

validation datasets. Kappa was used because it not only compares the agreement between actual 

and predicted forest types, but also accounts for the chance that the agreement was a product of 

random chance [76]. 

2.5.1 Random Forest 

Random forest with hyperspectral vegetation indices and DTM and CHM metrics as model 

inputs had the highest accuracy and kappa of all the classification algorithms and model inputs 

tested, at an overall accuracy of 77.53% and a kappa of 0.66 (Table 2.5). The kappa value of 0.66 

indicates substantial agreement between the known and predicted forest types for each subplot 

(Table 2.6) [77]. 

Table 2.5. Random Forest Model accuracy and kappa values. 

Model Inputs Accuracy Kappa 

Hyperspectral Bands and Vegetation Indices, with DTM and 

CHM Metrics 75.16% 0.62 

Hyperspectral Vegetation Indices, with DTM and CHM 

Metrics 77.53% 0.66 

CHM Metrics 69.30% 0.54 

Hyperspectral Vegetation Indices 67.09% 0.50 

Hyperspectral Bands 44.78% 0.23 
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DTM Metrics 65.03% 0.47 

 

Table 2.6. Interpretation of kappa values from Landis, & Koch, 1977. 

 Kappa Statistic  Strength of 

Agreement  

< 0.00 Poor 

0.00-0.20 Slight 

0.21-0.40  Fair 

0.41-0.60 Moderate 

0.61-0.80 Substantial 

0.81-1.00 Almost Perfect 

When all available data were included in the model (Hyperspectral Bands and Vegetation 

Indices, with DTM and CHM Metrics), the results were also promising with accuracy reaching 

75.16%. In this model, the kappa value, 0.62, also indicated substantial agreement between known 

and predicted forest type. The other model inputs tested were the individual model inputs: CHM 

Metrics, Hyperspectral Vegetation Indices, Hyperspectral Bands, and DTM Metrics. These models 

all resulted in moderate accuracies, with CHM metrics resulting in the highest accuracy at 69.30% 

overall and a kappa value of 0.54, indicating just moderate agreement between known and 

predicted forest type. The lowest accuracy and kappa was obtained when inputting only 

hyperspectral bands, with an accuracy of 44.78% and a kappa of just 0.23. The raw hyperspectral 

band data was significantly less predictive than the band-derived hyperspectral vegetation indices.  

2.5.2 Support Vector Machine (Both Tuned and Untuned) 

The Support Vector Machine (SVM) models were tested as both tuned and untuned 

models. The untuned model performed poorly, with the highest accuracy at just 50.32% and the 

associated kappa value at just 0.32, indicating fair agreement (Table 2.7). Similar to what was 

found in the Random Forest model, the highest accuracy model included Hyperspectral Vegetation 

Indices, with DTM and CHM Metrics.  

Table 2.7. Untuned Support Vector Machine model accuracy and kappa results. 

Model Inputs Accuracy Kappa 
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Hyperspectral Bands and Vegetation Indices, with DTM and 

CHM Metrics 46.84% 0.27 

Hyperspectral Vegetation Indices, with DTM and CHM 

Metrics 50.32% 0.32 

CHM Metrics 45.73% 0.20 

Hyperspectral Vegetation Indices 43.83% 0.21 

Hyperspectral Bands 43.04% 0.20 

DTM Metrics 45.73% 0.20 

 

In contrast, the tuned SVM model had a relatively high accuracy in the “best” model with 

73.89% accuracy and a kappa of 0.60 (Table 2.8). Once again, the highest accuracy model was the 

one which included the model inputs Hyperspectral Vegetation Indices, with DTM and CHM 

Metrics. The second most accurate SVM model was the model with Hyperspectral Vegetation 

Indices as inputs at 64.72%, with a kappa value indicating moderate agreement.  

Table 2.8. Tuned Support Vector Machine model accuracy and kappa results. 

Model Inputs Accuracy Kappa 

Hyperspectral Bands and Vegetation Indices, with DTM and 

CHM Metrics 45.57% 0.10 

Hyperspectral Vegetation Indices, with DTM and CHM 

Metrics 73.89% 0.60 

CHM Metrics 47.94% 0.26 

Hyperspectral Vegetation Indices 64.72% 0.47 

Hyperspectral Bands 43.83% 0.20 

DTM Metrics 48.10% 0.27 

2.5.3 K-Nearest Neighbor 

The K-Nearest Neighbor (KNN) models had moderate overall accuracy at ~64% overall 

with almost all model inputs (Table 2.9). DTM metrics had the lowest accuracy of any KNN 

model, at just 48.10% accuracy. The most accurate model included only hyperspectral vegetation 

indices, but there not a significant difference in accuracy between this model input and others 

(excluding DTM metrics). 

Table 2.9. K-Nearest Neighbor model accuracy and kappa results. 

Model Inputs Accuracy Kappa 
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Hyperspectral Bands and Vegetation Indices, with DTM and 

CHM Metrics 64.87% 0.49 

Hyperspectral Vegetation Indices, with DTM and CHM 

Metrics 63.61% 0.45 

CHM Metrics 64.08% 0.47 

Hyperspectral Vegetation Indices 65.98% 0.49 

Hyperspectral Bands 64.56% 0.47 

DTM Metrics 48.10% 0.28 

2.5.4 Naive Bayes Classifier  

Although maximum likelihood models are standard in the classification-focused studies, 

in this case the Naive Bayes Classifier (NBC) model performed the worst overall. Of all NBC 

model inputs tested, the model that included Hyperspectral Vegetation Indices, with DTM and 

CHM Metrics was the most accurate at 53.80% overall accuracy and a kappa of 0.38 (Table 2.10). 

The worst performing model included only hyperspectral bands and had an overall accuracy of 

just 19.62% and a kappa of 0.08.  

Table 2.10. Naive Bayes Classifier model accuracy and kappa results. 

Model Inputs Accuracy Kappa 

Hyperspectral Bands and Vegetation Indices, with DTM and 

CHM Metrics 44.78% 0.28 

Hyperspectral Vegetation Indices, with DTM and CHM 

Metrics 53.80% 0.38 

CHM Metrics 21.52% 0.13 

Hyperspectral Vegetation Indices 48.89% 0.31 

Hyperspectral Bands 19.62% 0.08 

DTM Metrics 37.66% 0.18 

2.5.5 Multinomial Logistic Regression 

The Multinomial Logistic Regression model (MLR) came in third place for highest overall 

accuracy at 71.20% (Table 2.11). The highest accuracy models were obtained with Hyperspectral 

Vegetation Indices, with DTM and CHM Metrics as model inputs. This is consistent with most 

other classification algorithms tested in this study. The second most accurate model input was 
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hyperspectral vegetation indices, which was also commonly observed as the second most accurate 

input in other models. Overall, the kappa values indicate a moderate to substantial agreement. 

Table 2.11. Multinomial Logistic Regression model accuracy and kappa results. 

Model Inputs Accuracy Kappa 

Hyperspectral Vegetation Indices, with DTM and CHM 

Metrics 71.20% 0.58 

CHM Metrics 48.26% 0.27 

Hyperspectral Vegetation Indices 68.04% 0.52 

Hyperspectral Bands 45.41% 0.25 

DTM Metrics 57.59% 0.32 

2.5.6 Most Important Predictor Variables from Random Forest Model 

Random forest with hyperspectral vegetation indices and DTM and CHM metrics as model 

inputs had the highest overall and kappa accuracy of all the classification algorithms and model 

inputs tested. Thus, a single model was produced using all subplots in order to assess variable 

importance. Figure 2.7 shows the variable importance plot produced from this model. This plot 

shows that many of the predictor variables are highly correlated, due to their similarity in variable 

importance.  

 

Figure 2.7. Variable Importance Plot for model with all data as input.  
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The canopy height model (CHM) values were shown to be the most important predictor, 

with roughness, surface volume ratio, and elevation (DTM) following close behind. These were 

followed by the Datt hyperspectral vegetation index [51] and topographic roughness index (TRI). 

It should be noted that many of these predictor variables are highly correlated, thus this may not 

be truly representative of which predictors are most important. 

2.5.7 Individual Class Prediction Accuracies 

The three most accurate models were the Random Forest, SVM, and MLR models which 

included hyperspectral vegetation indices and DTM and CHM metrics. For random forest, the 

model confusion matrix (Table 2.12) revealed that the model predicts black spruce forest type most 

accurately, and balsam poplar least accurately. It also frequently confuses white spruce forest type 

subplots with black spruce and paper birch. Paper birch was also frequently predicted accurately 

at 83.43% overall accuracy. Black Spruce and Paper Birch are the most common forest types, with 

white spruce following close behind.  

Table 2.12. Confusion Matrix for Random Forest model with Hyperspectral Vegetation Indices, 

with DTM and CHM Metrics. 

 
Reference 

Non-Forest White Spruce Black Spruce Tamarack Cottonwood Aspen Paper Birch 

Balsam 

Poplar 

P 

R 

E 

D 

I 

C 

T 

I 

O 

N 

 

Non-Forest 52.63% 2.15% 0.71% 25.00% 0.00% 0.00% 0.57% 14.29% 

White Spruce 2.63% 51.61% 1.43% 0.00% 25.00% 13.04% 3.43% 28.57% 

Black Spruce 23.68% 20.43% 93.57% 50.00% 8.33% 34.78% 12.00% 14.29% 

Tamarack 0.00% 1.08% 0.00% 25.00% 0.00% 0.00% 0.00% 0.00% 

Cottonwood 0.00% 0.00% 0.00% 0.00% 58.33% 0.00% 0.00% 0.00% 

Aspen 0.00% 0.00% 0.00% 0.00% 0.00% 26.09% 0.57% 0.00% 

Paper Birch 18.42% 24.73% 4.29% 0.00% 8.33% 26.09% 83.43% 42.86% 
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Balsam 

Poplar 2.63% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 

In the case of the SVM model, black spruce was accurately predicted at 93.93% accuracy 

(Table 2.13). Paper birch also had high prediction accuracy at 87.43%. In contrast to the 26.09% 

accuracy for predicting aspect forest type with the Random Forest model, the SVM model was 

able to predict Aspen forest type with 52.17% accuracy. But, the SVM model had poor prediction 

accuracy for cottonwood at just 16.67%, whereas Random Forest achieved 58.33% accuracy.  

Table 2.13. Confusion Matrix for tuned Support Vector Machine Model with Hyperspectral 

Vegetation Indices, with DTM and CHM Metrics. 

 
Reference 

Non-Forest 

White 

Spruce 

Black 

Spruce Tamarack Cottonwood Aspen Paper Birch 

Balsam 

Poplar 

P 

R 

E 

D 

I 

C 

T 

I 

O 

N 

 

Non-Forest 13.16% 0.00% 0.36% 0.00% 0.00% 0.00% 0.00% 0.00% 

White 

Spruce 2.63% 33.33% 1.07% 0.00% 0.00% 4.35% 2.29% 0.00% 

Black 

Spruce 23.68% 22.58% 93.93% 50.00% 50.00% 21.74% 10.29% 14.29% 

Tamarack 0.00% 0.00% 0.00% 25.00% 0.00% 0.00% 0.00% 0.00% 

Cottonwood 0.00% 0.00% 0.36% 0.00% 16.67% 0.00% 0.00% 0.00% 

Aspen 0.00% 0.00% 0.00% 0.00% 0.00% 52.17% 0.00% 0.00% 

Paper Birch 60.53% 44.09% 4.29% 25.00% 33.33% 21.74% 87.43% 85.71% 

Balsam 
Poplar 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 

Both Random Forest and SVM achieved high accuracies in the two most common classes, 

Paper Birch and Black Spruce, but had lackluster results in the less common classes, Tamarack, 

Cottonwood, Aspen, and Balsam Poplar. The MLR model had very different results - it excelled 

in predicting the least common species and achieved moderate accuracies in the more common 

species. The MLR model achieved 84% accuracy for Tamarack, 75% for Cottonwood, 83% for 

Aspen, and 70% for Balsam Poplar (Table 2.14). This contrasts the 0% accuracy achieved by 

Random Forest and SVM when predicting Balsam Poplar, and 25% accuracy when predicting 
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Tamarack (Table 2.15). Overall, MLR had more consistently accurate performance when 

predicting forest type, despite having a slightly lower overall accuracy when compared to the 

equivalent Random Forest and SVM models.  

Table 2.14. Confusion Matrix from Multinomial Logistic Regression Model with Hyperspectral 

Vegetation Indices, with DTM and CHM Metrics. 

 

Reference 

Non-Forest 
White 

Spruce 
Black 

Spruce Tamarack Cottonwood Aspen Paper Birch 
Balsam 

Poplar 

P 

R 

E 

D 

I 

C 

T 

I 

O 

N 

Non-Forest 51.79% 4.29% 7.50% 0.00% 6.79% 0.00% 2.86% 11.43% 

White 

Spruce 10.71% 50.00% 10.36% 0.00% 0.00% 8.21% 8.57% 0.00% 

Black 

Spruce 13.21% 19.29% 66.79% 0.00% 0.00% 4.29% 5.71% 0.00% 

Tamarack 4.29% 3.21% 4.29% 84.29% 0.00% 0.00% 0.36% 0.00% 

Cottonwood 7.86% 2.50% 0.36% 0.00% 75.71% 0.00% 1.43% 0.00% 

Aspen 5.36% 6.43% 6.07% 15.71% 0.00% 83.21% 8.57% 0.00% 

Paper Birch 3.21% 6.07% 4.64% 0.00% 17.50% 4.29% 67.14% 17.86% 

Balsam 

Poplar 3.57% 8.21% 0.00% 0.00% 0.00% 0.00% 5.36% 70.71% 

 

Table 2.15. Comparison of class and overall accuracies for Random Forest, SVM, and MLR. 

Forest Type Random Forest 
Support Vector 

Machine 

Multinomial 

Logistic Regression 

Total # of 

Plots 

Non-Forest 52% 13% 51% 38 

White Spruce 51% 33% 50% 93 

Black Spruce 93% 93% 66% 280 

Tamarack 25% 25% 84% 4 

Cottonwood 58% 16% 75% 12 

Aspen 26% 52% 83% 23 

Paper Birch 83% 87% 67% 175 

Balsam Poplar 0% 0% 70% 7 

     

Overall 

Accuracy 77.53% 73% 71.20%  
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2.6 DISCUSSION 

Previous studies have worked to answer similar questions and achieved promising results. 

One study compared the accuracies of Support Vector Machines (SVM), K-Nearest Neighbor, and 

Gaussian maximum likelihood with leave-one-out-covariance algorithms for the classifications of 

tree species using both hyperspectral and LiDAR data [78]. They found that the SVM classifier 

was the most accurate, yielding just over 89% kappa accuracy.  

In this study, SVM was also found to yield better results than the K-Nearest Neighbor 

classifier, but the Gaussian maximum likelihood (GML) with leave-one-out-covariance algorithm 

was not tested. Instead, a naive Bayes classifier which is based on GML assumptions was tested 

and found to perform the worst of any model. This contradicts the findings with the GML model 

in [78] which found their GML algorithm to perform better than their K-Nearest Neighbor 

algorithm. This difference is likely due to differences in GML and KNN algorithm and model 

parameters used in each study.  

A second study compared the results of classifying 7 tree species and a non-forest class in 

the Southern Alps of Italy using hyperspectral and LiDAR data with Support Vector Machines and 

Random Forest [79]. They found that SVM consistently outperforms Random Forest, achieving 

95% overall accuracy.  

This differs from our findings which revealed that Random Forest outperformed SVM 

models, no matter the model input, achieving 77.53% overall accuracy with the best Random 

Forest model, and 73.89% with the best SVM model. This is likely due to differences in data pre-

processing, especially in the case of hyperspectral data wherein [79] performed a minimum noise 

fraction transformation in order to reduce the data.  
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A minimum noise fraction transformation is a common first step in working with 

hyperspectral data, but was not performed in this study as it could not be performed at a large scale 

[80]. This same rationale was used when deciding to not perform a principal components analysis 

(PCA) in order to reduce the hyperspectral data. The model which was found to have the best 

performance in this study will be used to predict forest type over the entire TIU where there is G-

LiHT data coverage. This is a massive area, making it impossible to perform a PCA or any other 

data reduction over the entire dataset, in order to create the same predictor variables in the data 

swaths used for predicting forest type. All predictor variables used in this study were easy to create 

and can be scaled over large areas, which is why they were used here.  

A second factor that may have influenced the difference in results between both [79], [78], 

and this study are the model parameters used. In both SVM and KNN models, users must supply 

parameters in order to build models. In this study, an optimization script that tried 100 different k-

values for the KNN model and chose the one that yielded the highest accuracy for each model 

input tested was used. For the SVM, multiple cost and gamma values were tested. A script was 

used to choose the values that resulted in the highest accuracy.  

Additionally, this study used a radial kernel for the SVM, while Dalponte’s studies used 

different kernels (a Gaussian kernel was used in the 2008 paper, and the kernel used in the 2012 

paper was not specified). All of these differences in parameters used makes for difference in final 

results.  

One additional issue with the training data is the difference between “forest type” as 

defined by the FIA protocol and the true vegetation species present at a given location. Each FIA 

subplot collected classifies a subplot as a given forest type based on the dominant stocking present 

(or not present in the case of non-forest plots), rather than giving a percentage of each species 
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present in a plot. This means that in any given subplot, the dominant stocking species present could 

theoretically be present on anywhere between 51-100% of the plot, while the other 0-49% could 

be any other tree species or vegetation type. A subplot that is 51% white spruce is spectrally very 

different from a plot that is 100% white spruce, but we are treating both of these situations as being 

the same class. This is not ideal due the difference in spectral profile, and likely contributed to our 

error rate.  

Unlike the potential loss of accuracy due to the spectral mixing within subplots, the nested 

plot design in this study likely inflated overall accuracy. The FIA protocol is designed such that 

for each plot, there are four subplots on which forest type data is collected. There is just 120 ft. 

between the center subplot and the surrounding 3 subplots, leading to an issue of pseudo replication 

and spatial-autocorrelation. These subplots are so close together that they are likely to include 

similar vegetation and thus have similar hyperspectral and LiDAR data values. But in this study, 

each subplot was treated as if it is a unique and independent of others. This likely lead to an 

inflation in accuracy which cannot be overcome until a more balanced dataset with more equal 

representation of all forest types within the TIU is available.  

Imbalanced datasets are common in ecological studies due to the nature of natural datasets. 

There are multiple ways that one can attempt to deal with imbalanced datasets. One method is to 

under sample the dataset so that there is an equal number of samples in each class that is equal to 

or less than the size of the smallest class, in order to ensure that the number of samples of each 

sample is the same. This was not feasible in this study as there were some classes that had less 

than 10 samples (Tamarack and Balsam poplar), with the smallest class having just 4 samples. 

Providing only 4 samples per class would not lead to good results, so under sampling was not 

performed.  
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A second method of overcoming this issue is to oversample the dataset so that each class 

is sampled with replacement until it reaches a quantity that is typically greater than or equal to the 

largest class in the dataset. This same methodology can be performed in an ensemble called 

bootstrap aggregating, or bagging.  Bagging is the process by which one samples a dataset D of 

length n with replacement, in order to generate a new dataset D1 of length m wherein each class is 

equally represented [61].  

In this case, bagging was implemented in all models in order to determine how this would 

impact overall and kappa accuracy. Each class was sampled with replacement until we reached a 

set equal in length to the largest class within the dataset (280 data points). In most cases, bagging 

did not improve overall or kappa accuracy. In the cases where accuracy was improved, most 

models were already performing so poorly that the improved accuracy still did not make the 

algorithm or model inputs a contender for the best algorithm and inputs. Thus, bagging was not 

included as a part of this study. 

2.6.1 Future Research 

Pseudo replication and spatial autocorrelation caused by the nested plot design used in this 

study likely influenced the results in this study. This problem was unavoidable due to the limited 

availability of data for certain forest types. In order to better overcome this, this study suggest that 

future research collect more field validation data and ensure that there is a balance of all forest 

types present in the study area. This study also suggests that if a nested plot design is used, just 

one subplot should be selected from each plot to represent the entire plot. Additionally, training 

and validation datasets should be selected such that they are in spatially distinct regions, rather 

than performing a random selection.  
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Future studies may also consider exploring variable importance that takes into account 

highly correlated variables. Many of the predictor variables included in our final model were 

highly correlated, making it challenging to say which variables were truly the most important. It 

is also important to note that the variables used in this study are not the only LiDAR and 

hyperspectral data-derived metrics that can be used to describe forest composition. There are a 

multitude of other metrics, from LiDAR grid metrics to other hyperspectral vegetation indices that 

have been used in previous studies and may increase model performance [81], [82]. Additionally, 

when aggregating the hyperspectral and LiDAR metrics over each subplot, using a standard 

deviation of the metrics instead of or in addition to the average of the metrics may also improve 

model performance.  

2.7 CONCLUSIONS 

Overall, the Random Forest classification algorithm resulted in the highest overall and 

kappa accuracy. There are many factors that make ecological data complex and difficult to model 

[83], [84]. Many studies use Random Forests to overcome these complexities and still yield high 

prediction accuracies [85], [86]. This was likely also the case in this study, resulting in the highest 

overall accuracy coming from Random Forest.  

The MLR model with hyperspectral vegetation indices, DTM metrics, and CHM metrics 

had the best performance when predicting individual classes, especially with the classes that had 

less representation in the dataset. This may indicate that the MLR model would be a better model 

in cases where the objective is to accurately predict rare classes. It also indicates that it may be 

more suitable to use multiple models when predicting forest type. One could use Random Forest 

for predicting the more common forest types, and MLR for predicting the less common forest 

types.  
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This study also tested a multitude of model inputs and found that including hyperspectral 

vegetation indices, DTM metrics, and CHM metrics as model inputs yielded the highest overall 

and kappa accuracy with almost all classification algorithms. These model inputs each described 

different ecological factors that are key in distinguishing forest type groups. Topography plays an 

important role in the distribution of vegetation across the landscape, and the topographic variables 

that can be derived from a DTM can in predicting vegetation distribution [87]–[89]. 

Unsurprisingly, when these model inputs were tested with all subplots in one Random Forest 

model, roughness, topographic roughness index, and elevation were found to be extremely 

important in predicting forest type.  

The canopy height model describes the over story structure and can be used to describe 

species composition when used alongside optical sensors [90]–[93]. In this study, we used both 

the raw canopy height model and a multitude of CHM-derived metrics to describe the over story. 

Canopy height was found to be the most important predictor for predicting forest type, with surface 

volume ratio following close behind. 

When it comes to hyperspectral model inputs, including the raw hyperspectral band data 

with the hyperspectral vegetation indices and CHM and DTM metrics in the Random Forest model 

actually decreased accuracy. While it is unclear exactly why this is, we hypothesize that the fact 

that the 114 hyperspectral bands are so highly correlated, that they had a negative impact on 

prediction accuracies. Additionally, transforming the raw hyperspectral data into vegetation 

indices allows for the data to be relativized, which can boost model performance in many cases.  

In summary, this study concluded that: 

1. Of all classification algorithms tested, Random Forest resulted in the highest overall and 

kappa accuracy. 
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2. Canopy Height and Digital Terrain model metrics with Hyperspectral vegetation indices 

and 5 raw hyperspectral bands resulted in models with the highest overall accuracy. 

 

 



Chapter 3. FUTURE WORK 

3.1.1 Forest Type Maps for TIU 

One of the key deliverables of this study is a model that allows for the classification of 

forest type across the TIU. This data product will be a 13 meter2 resolution map of forest type over 

the entire area covered by both LiDAR and Hyperspectral data collected by the G-LiHT mission. 

Although both G-LiHT data products are available at 1 m2 resolution, it was decided that a 13 m2 

resolution would be used in order to compensate for the 1 to 3 meter misalignment between the 

hyperspectral and LiDAR data. Aggregating the data to a lower resolution allows for this 

misalignment issue to have less of an impact on the classification accuracy. Additionally, the 13 

m2 resolution allows for much faster classification of the data when compared to the 1 m2 

resolution.  

If there was not a 1 to 3-meter misalignment between the hyperspectral and LiDAR data, 

this study’s methodology for classifying forest type would likely be drastically different. One 

methodology that was considered, had the data been better aligned, was a classification based on 

the individual tree or tree top [94]. The LiDAR data can be used to identify individual trees and 

obtain metrics for those trees [95]–[99]. Then, the hyperspectral data for those trees can be 

aggregated within the tree or tree-top area and used to classify species alongside the LiDAR 

metrics for that tree. This methodology is difficult to undertake in many studies due to the common 

problem of data misalignment and a lack of suitable field validation data.  

3.1.2 R Code 

A second product that will be published as part of this study is the R scripts that were wrote 

to perform almost every step of the process, from data pre-processing to model building. This 
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study hopes that this code could be used to repeat this study when more field data is available 

and/or in other regions with different datasets. Future work could consider adding additional 

hyperspectral vegetation indices and LiDAR-derived metrics. One could also consider testing 

different model parameters for the various classification algorithms tested.  

All code will be published and available through githib.com, but will be edited to remove 

any classified information on FIA plot locations. The field datasets used in this study will not be 

made publicly available due to the classified nature of FIA plot locations.  

3.1.3 Bootstrap Aggregating  

There is an extreme imbalance between forest types represented in the response dataset. 

For example, there are 280 black spruce subplots while there are just 4 tamarack subplots. One 

way that many other studies deal with imbalanced response datasets such as the one seen here is 

to use bootstrap aggregating, or bagging. Bagging is the process by which one samples a dataset 

D of length n with replacement, in order to generate a new dataset D1 of length m wherein each 

class is equally represented [100].  

In this study, bagging was tested with each classification and model input in order to 

determine if it would improve model accuracies. Each class was sampled with replacement until 

a set equal in length to the largest class within the dataset was reached (Table 3.16). 
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Table 3.16. Number of subplots per forest type before and after bagging. 

Forest Type 

Number of 

Subplots 

Number of Plots 

after Bagging 

Aspen 23 280 

Balsam Poplar 7 280 

Black Spruce 280 280 

Cottonwood 12 280 

Paper Birch 175 280 

Tamarack 4 280 

White Spruce 93 280 

Non-forest 38 280 

Overall, bagging improved performance in cases where the model was already performing 

poorly, but did not improve accuracies when models were performing well. In the case of Random 

Forest, bagging decreased overall and kappa accuracy with all model input groups tested (Table 

3.17).  

Table 3.17. Random Forest Model Accuracy and Kappa values. 

Model Inputs 
Accuracy Kappa 

Bagging 

Accuracy 

Bagging 

Kappa 

Hyperspectral Bands and Vegetation 

Indices, with DTM and CHM Metrics 75.16% 0.62 59.69% 0.54 

Hyperspectral Vegetation Indices, with 

DTM and CHM Metrics 77.53% 0.66 63.17% 0.58 

CHM Metrics 69.30% 0.54 56.79% 0.51 

Hyperspectral Vegetation Indices 67.09% 0.50 40.36% 0.32 

Hyperspectral Bands 44.78% 0.23 32.68% 0.23 

DTM Metrics 65.03% 0.47 37.05% 0.28 

With the untuned Support Vector Machine, overall and kappa accuracies were extremely 

low, bagging improved the kappa accuracy in every case, and overall accuracy in all cases except 

in the case of raw hyperspectral bands (Table 3.18). Bagging made the untuned Support Vector 

Machine model more comparable to the results of the tuned Support Vector Machine, but 

accuracies were still lower. 

Table 3.18. Untuned Support Vector Machine model accuracy and kappa results. 

Model Inputs 
Accuracy Kappa 

Bagging 

Accuracy 

Bagging 

Kappa 

Hyperspectral Bands and Vegetation 

Indices, with DTM and CHM Metrics 46.84% 0.27 62.99% 0.58 
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Hyperspectral Vegetation Indices, with 

DTM and CHM Metrics 50.32% 0.32 66.16% 0.61 

CHM Metrics 45.73% 0.20 56.74% 0.51 

Hyperspectral Vegetation Indices 43.83% 0.21 46.47% 0.39 

Hyperspectral Bands 43.04% 0.20 37.50% 0.29 

DTM Metrics 45.73% 0.20 47.81% 0.40 

In the case of the tuned Support Vector Machine, bagging decreased overall accuracy in 

all cases, and decreased kappa accuracy in most cases, excluding CHM and DTM metrics where 

kappa accuracy increased slightly (Table 3.19).  

Table 3.19. Tuned Support Vector Machine model accuracy and kappa results. 

Model Inputs 
Accuracy Kappa 

Bagging 

Accuracy 

Bagging 

Kappa 

Hyperspectral Bands and Vegetation 

Indices, with DTM and CHM Metrics 45.57% 0.10 14.46% 0.02 

Hyperspectral Vegetation Indices, with 

DTM and CHM Metrics 73.89% 0.60 39.87% 0.31 

CHM Metrics 47.94% 0.26 42.37% 0.34 

Hyperspectral Vegetation Indices 64.72% 0.47 15.49% 0.03 

Hyperspectral Bands 43.83% 0.20 15.27% 0.03 

DTM Metrics 48.10% 0.27 38.57% 0.30 

For the K-Nearest Neighbor Model, initial overall and kappa values were relatively similar 

in all cases, except in the case of DTM metrics where overall and kappa accuracy were much 

lower. When bagging was performed, overall accuracy for all model inputs changed to ~51%, and 

kappa accuracy went to ~49%. This was a decrease in overall and kappa accuracy in all cases 

except with DTM metrics (Table 3.20).  

Table 3.20. K-Nearest Neighbor model accuracy and kappa results. 

Model Inputs 
Accuracy Kappa 

Bagging 

Accuracy 

Bagging 

Kappa 

Hyperspectral Bands and Vegetation 

Indices, with DTM and CHM Metrics 64.87% 0.49 51.29% 0.44 

Hyperspectral Vegetation Indices, with 

DTM and CHM Metrics 63.61% 0.45 52.59% 0.46 

CHM Metrics 64.08% 0.47 52.68% 0.46 

Hyperspectral Vegetation Indices 65.98% 0.49 52.41% 0.46 

Hyperspectral Bands 64.56% 0.47 51.47% 0.45 

DTM Metrics 48.10% 0.28 51.12% 0.44 
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With the Naive Bayes classifier, overall and kappa accuracies were low prior to bagging. 

Bagging increased accuracies with some model inputs, but decreased it with others. The highest 

overall accuracy with the naive Bayes classifier was ~53%; this value did not significantly change 

with bagging (Table 3.21).  

Table 3.21. Naive Bayes Classifier model accuracy and kappa results. 

Model Inputs 
Accuracy Kappa 

Bagging 

Accuracy 

Bagging 

Kappa 

Hyperspectral Bands and Vegetation 

Indices, with DTM and CHM Metrics 44.78% 0.28 40.63% 0.32 

Hyperspectral Vegetation Indices, with 

DTM and CHM Metrics 53.80% 0.38 53.04% 0.46 

CHM Metrics 21.52% 0.13 48.93% 0.42 

Hyperspectral Vegetation Indices 48.89% 0.31 30.85% 0.21 

Hyperspectral Bands 19.62% 0.08 21.70% 0.11 

DTM Metrics 37.66% 0.18 39.96% 0.31 

Finally, the Multinomial Logistic Regression model had the highest accuracy of any model 

after bagging at 68.71% overall and a kappa of 0.64. But, the overall accuracies decreased in all 

cases with bagging in the Multinomial Logistic Regression model. Kappa accuracy increased 

slightly in a few cases, but not significantly or to the point that it surpassed the results obtained 

with other classifiers without bagging (Table 3.22). Overall, this study found that bagging can 

increase model performance when a model is already not performing well, but it typically does not 

help when a model has generally high accuracies.   

Table 3.22. Multinomial Logistic Regression model accuracy and kappa results. 

Model Inputs 
Accuracy Kappa 

Bagging 

Accuracy 

Bagging 

Kappa 

Hyperspectral Vegetation Indices, with 

DTM and CHM Metrics 71.20% 0.58 68.71% 0.64 

CHM Metrics 48.26% 0.27 45.13% 0.37 

Hyperspectral Vegetation Indices 68.04% 0.52 52.63% 0.46 

Hyperspectral Bands 45.41% 0.25 40.13% 0.32 

DTM Metrics 57.59% 0.32 46.34% 0.39 
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