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ARTICLE INFO ABSTRACT
Keywords: The boreal biome, the largest terrestrial biome on Earth, is increasingly vulnerable to climate change due to
Boreal forest warming twice as rapidly as the global average. Climate change has increased the temperature, frequency,
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severity, and amount of area burned, which is leading to changes in the spatial extent of forest type and species
range. These rapid ecological shifts necessitate fine-scale monitoring of forest type to detect potential type
conversions and guide management interventions. In this study, we present a framework for forest type classi-
fication combining field plots and high-resolution remote sensing data using machine learning models in the
boreal forest of Interior Alaska. For this purpose, we conducted forest type classification at three different levels,
including 1. forest and nonforest, 2. hardwood, softwood, and nonforest, and 3. three dominant forest types,
including paper birch, black spruce, white spruce, and nonforest. To achieve this goal, we compared the per-
formance of two advanced modeling approaches, the convolutional neural network (CNN) and the XGBoost
model. Our datasets included field and high-resolution topographic metrics including elevation, slope, aspect,
and solar radiation and canopy height derived from lidar (1 m) and 44 vegetation indices derived from high-
resolution (1 m) visible to near infrared (VNIR) hyperspectral data collected by NASA Goddard’s Lidar,
Hyperspectral and Thermal Imager (G-LiHT) sensor. The remote sensing data were collected under variable sky
conditions (clear to overcast) throughout a 1-month growing-season period, and field data collected by United
States Department of Agriculture (USDA) Forest Service, Forest Inventory and Analysis program (FIA). In this
framework, we also studied the importance of topographic and remote sensing variables for the classification of
forest types. We found the CNN model outperformed the XGBoost model in terms of overall accuracy and a macro
average F1 score for all three different forest type classifications. The CNN model achieved an overall accuracy of
93.1% for forest or nonforest, 82.6% for hardwood, softwood, and nonforest, and 74.7% for three dominant
forest types including paper birch, black spruce, and white spruce along with nonforest. Among the various
topographic factors, we found that elevation was the most important factor for discriminating all forest types. In
addition, we found that canopy height and vegetation indices including Photochemical Reflectance Index (PRI)
(R531 & R570), Pigment Specific Normalized Difference (PSND) (R635 & R800), and Gitelson and Merzlyak
(GM1) (R550 & R750) were important for differentiating between hardwood and softwood while Anthocyanin
Reflectance Index (ARI1) (R550 & R700) was important for differentiating between forest and nonforest. The
high-resolution forest type information can improve our ecological understanding of boreal forest dynamics,
estimate above ground biomass, and carbon, and support the national forest inventory and forest managers.
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1. Introduction

The boreal forest biome is the largest terrestrial biome, covering
nearly 14% (18.5 million km?) of the entire vegetation cover of the Earth
(Douglas et al., 2014; Mcguire & Chapin I1I, 2006). It plays a critical role
in the global carbon cycle, storing nearly one-third of the terrestrial
carbon (Pan et al., 2011; Walker et al., 2020). However, the future
trajectory of boreal forest ecosystems remains uncertain due to
increasing disturbances, thawing permafrost, changes in hydrology and
warming. These changes are being observed in the boreal zone across
the globe (Ekman et al., 2024).

This is particularly evident in boreal forest of Interior Alaska (Chapin
et al., 2010; Johnstone et al., 2010), where temperatures in this region
have surged nearly five times more than global mean over the past five
decades, (Euskirchen et al., 2010). These dramatic changes led to an
increase in fire extent, proliferation of deciduous trees following fires,
and a decline in the growth and extent of dominant conifer tree species
like spruce (Beck et al., 2011; Chapin et al., 2010; Johnstone et al., 2010;
Walker et al., 2023). Shifts in forest type will change ecological pro-
cesses and services, impact carbon uptake, and will have significant
implications for the carbon and nutrient cycle, understory vegetation,
and wildlife habitat (Barber et al., 2000; Johnstone et al., 2020;
Kasischke et al., 2010). These rapid ecological changes require fine-scale
monitoring of forests to detect potential type conversions and guide
management interventions.

The boreal forest of Interior Alaska is characterized by a mosaic of
coniferous and deciduous forest interspersed with nonforest patches
(Fig. 1). This region accounts for approximately 17% of the total forested
area in the United States which lacks spatially extensive fine scale forest
type maps. However, previous studies have primarily focused on map-
ping vegetation composition at coarse resolution (250 m) (Ruefenacht
et al., 2008) and forest types at moderate resolutions (30 m) (University
of Alaska-Anchorage, 2017).

Alaska boreal vegetation cover varies at scales of small patches
(Cahoon and Baer, 2022) with each forest type having key differences in
response to disturbances such as wildfire, drought, and heat stress
(Chapin et al., 2010; Johnstone et al., 2010, 2020; Walker et al., 2015).
For example, black spruce forests are particularly vulnerable to dryness
and drought which accelerate permafrost thawing and create soil con-
ditions more conducive to deciduous forests (Douglas et al., 2014).
Consequently, while previous studies provide valuable insights, their
coarse resolutions limit their ability to study resilience and potential
shifts in forest types driven by climate change. This limitation is espe-
cially critical in ecosystems where distinct forest types exhibit unique
growth patterns responses to disturbance and climate change.

A combination of field data and high-resolution (~1m) remote
sensing data affords the potential to produce precise and spatially

Fig. 1. Landscape of Interior Alaska that is covered with mosaic of conifers and
deciduous forest types along with nonforest patches (Cahoon and Baer, 2022).
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extensive forest type maps for accurately monitoring shifts in this re-
gion. Previously, studies have shown the effectiveness of lidar and high-
resolution imagery in classifying forest types at fine scales. Airborne
lidar and hyperspectral data has been used to map individual tree spe-
cies in boreal forests of Norway (Dalponte et al., 2014) and Finland
(Mayra et al., 2021). Alonzo et al. (2018) used high-resolution UAV
imagery with forest inventory analysis (FIA) plot data to model forest
type at individual crown scale and achieved 85% accuracy for identi-
fying tree species in the Bonanza Creek experimental forest, Alaska.
Shoot et al. (2021) conducted a case study by combining FIA field plots
with lidar and vegetation indices derived from hyperspectral data to
classify forest types and found that the combination of lidar-derived
metrics and vegetation indices produced more accurate classification.
However, these studies do not address systematic fine scale boreal forest
type mapping that can be extended over larger geographical extents and
tended to be proofs of concepts studies covering small areas (<8900 ha).

Our research was motivated by the needs of the United States, Forest
Service to monitor changes in the ecosystem across millions of hectares
at fine resolution. In the continental US, the Forest Service uses a na-
tional Forest Inventory Analysis (FIA) program to monitor changes. Due
to the vast and varied expanses of Interior Alaska, the FIA program
estimated to take up to 15-20 years to cover the entirety of Interior
Alaska. Hence, in Alaska, the FIA program was not implemented until
2014, significantly hindering the rate of progress of climate change
impact monitoring. To overcome these challenges, the FIA program
collaborated with National Aeronautics and Space Administration
(NASA) to leverage high-resolution airborne remote sensing data to
support the sparse FIA inventory. This is achieved by developing a novel
approach of combining systematic field data sampling with high-
resolution imagery acquired by NASA Goddard’s Lidar, Hyperspectral
and Thermal (G-LiHT) airborne imager in a strip sampling mode
covering every FIA plot (Andersen et al., 2024; Cahoon and Baer, 2022).
The airborne data acquired by G-LiHT affords an opportunity to upscale
forest type information from field plot to larger geographical extents
(Cook et al., 2013).

Our research builds upon previous boreal forest cover mapping
studies by creating the first systematic framework for classifying forest
type at the scale of small patches, across a large landscape (13.5 million
hectares) leveraging FIA field, G-LiHT remote sensing, and topographic
data. This framework integrates systematically sampled FIA field data
and fine resolution remote sensing data (~1m), enabling deep learning
models to map forest types in boreal forest zones at unprecedented scale.
The high-resolution forest type information across larger areas can be
used to improve our ecological understanding of boreal forest dynamics,
improve estimates of aboveground biomass and carbon as well as sup-
port the FIA program and forest managers.

Other studies have explored utilizing deep learning models with
high-resolution RGB (Schiefer et al., 2020) and hyperspectral (Fricker
etal., 2019; Mayra et al., 2021) data to classify individual tree species in
various forest ecosystems. However, the application of deep learning
approaches for fine-scale mapping of dominant forest types in Interior
Alaska remains relatively unexplored, particularly regarding their
robustness across different environmental conditions. These conditions
include differences in solar illumination, site quality, and sky condition
ranging from clear to overcast, data acquired over a period of one-month
during growing season. The availability of lidar, high-resolution
hyperspectral data coupled with field data affords a unique opportu-
nity to leverage deep learning models for classifying and mapping of
dominant forest type at high-resolution across broader geographical
extents. Moreover, the boreal forests in Interior Alaska are significantly
influenced by topographical factors such as elevation, slope, aspect, and
solar radiation (Calef et al., 2005; Douglas et al., 2014; Ohse et al.,
2009). Therefore, we integrated remote sensing with topographic vari-
ables to enhance the classification of forest types. Further, we investi-
gated the key topographic factors associated with the forest type to gain
deeper insights into their ecological dynamics.
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The primary aim of this research was to develop a framework that
combines systematically sampled FIA field data and high-resolution
remote sensing data that enables the assessment of the performance of
state-of-the-art machine learning models for classification and mapping
of forest types combining the high-resolution imagery and FIA field plot
information in the boreal forest ecosystems of Interior Alaska. To ach-
ieve this objective, we compared the performance of a deep learning
model, a convolutional neural network with a machine learning model,
XGBoost for classifying forest type using G-LiHT remote sensing data.
We used predictor variables including vegetation indices (VIs) derived
from hyperspectral imagery and digital terrain model (DTM), slope,
aspect, canopy height model (CHM), and solar radiation index (SRI)
derived from lidar data. Our study included forest type classification at
three levels, including 1. forest and nonforest, 2. hardwood and soft-
wood and nonforest and 3. dominant forest types include paper birch,
black spruce, white spruce, and nonforest.

Our overall objective was to determine how well forest types could
be classified to support monitoring of changes in boreal forests. We did
this by addressing the following three research questions.

1. Which machine learning model, convolutional neural network or
XGBoost achieves higher accuracy for forest type classification using
field and high-resolution remotely sensed data?

2. What are the most influential predictor variables associated with the
forest type classification?

3. How do topographic factors slope, aspect, elevation, and solar radi-
ation contribute to the spatial distribution of forest type, and which
exhibits the highest significance?

2. Materials
2.1. Study area

We studied the Tanana unit of Interior Alaska, which covers 33.4
million acres of land, of which 20.8 million acers (62%) is covered with
boreal forest (Cahoon and Baer, 2022) (Fig. 2). The study area has six
dominant tree species: black spruce (Picea mariana), white spruce (Picea
glauca), tamarack (Larix laricina), Alaska paper birch (Betula neo-
alaskana), balsam poplar (Populus balsamifera), and aspen (Populus
tremuloides) (Chapin et al., 2006). Among them, black spruce is the
dominant forest type covering 52% of forested area, followed by paper
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birch (19%) and white spruce (16%) (Cahoon and Baer, 2022).

The Tanana unit terrain consists of rolling hills, lowlands, flat bot-
tomlands, uplands, and floodplains (Fig. 1). The elevation ranges from
sea level to a nearly 6100 m high mountain. It has a continental climate,
characterized by short, warm summers and long, very cold winters
(Gallant, 1995). The mean annual air temperature is —3.3 °C with ab-
solute extremes ranging from —51 °C to 38 °C (Jorgenson et al., 2001).
The average annual precipitation is about 280 mm, half of which occurs
during the summer (Douglas et al., 2014; Shulski and Wendler, 2007).
However, most summer precipitation is rapidly lost due to evaporation
(Hinzman et al., 2006). Snow accounts for nearly 40-45% of the mean
annual precipitation (Douglas et al., 2014; Hinzman et al., 2006).

2.2. Field dataset

The United States Department of Agriculture (USDA) Forest Service,
Forest Inventory and Analysis (FIA) program provides information
about the forestlands of the United States with continuous monitoring.
Individual FIA plots are on a hexagonal grid with one plot in the center
and three subplots distributed in an inverted Y pattern (Bechtold and
Patterson, 2005; Cahoon and Baer, 2022) (Fig. 3). In 2014, a joint
NASA-FIA inventory pilot project was started to leverage
high-resolution remote sensing technology to support the FIA inventory
in Interior Alaska (Andersen et al., 2015). In Interior Alaska, there is one
FIA plot per 97.12 km? (30,000 acres), which is sparser than the lower
48 states because of the remoteness of the area (Andersen et al., 2015).

The FIA field data for Tanana unit was collected during the growing
season with leaf-on condition over four years (2014, 2016-2018), with
most data gathered in 2014 and 2018 to coincide with G-LiHT data.
There were total of 1128 FIA plots in the Tanana unit, which total
around 4512 subplots (Table 1). The coordinates of each subplot were
obtained using GLONASS-enabled Trimble GeoXH 6000 mapping-grade
Global Navigation Satellite System (GNSS) receivers with <2 m geo-
location error (Andersen et al., 2024; Finley et al., 2024; McGaughey
et al., 2017). The field plot data were reprojected to the same coordi-
nated systems as G-LiHT data for proper alignment and a total of 3557
FIA subplots were spatially aligned with G-LiHT data (Table 1).

Each FIA subplot was assigned with forest inventory information
such as live or dead, tree height, DBH, species at tree level, and forest
type information at the subplot level. The forest type is assigned to each
subplot with the dominant stocking of live trees that are not overtopped

Fig. 2. Tanana unit of Interior Alaska with G-LiHT flight lines and representative FIA plot locations (actual FIA plot locations are obscured due to plot confidentiality

requirements).
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Fig. 3. Schematic diagram of the framework, which highlights the five main steps with data modality and models used for the classification of forest types.

Table 1

Number of total FIA subplots with forest type information used in the analysis.
Field subplots represented the field measured plots and G-LiHT subplots repre-
sented the FIA subplot that had G-LiHT data available.

Land cover Forest Type Tree species Field subplots G-LiHT subplots
Nonforest Nonforest Nonforest 1752 961
Forest Softwood White spruce 523 487
Forest Softwood Black spruce 1470 1381
Forest Softwood Tamarack 35 35
Forest Hardwood Aspen 200 193
Forest Hardwood Paper birch 505 473
Forest Hardwood Balsam poplar 27 27
Total 4512 3557

(Bechtold and Patterson, 2005). The accuracy of the forest type at each
subplot level was assessed by quality assurance (QA) crew in the field
(Bechtold and Patterson, 2005). If there are no trees or the plot does not
meet the tree canopy cover threshold (10%) then it was classified as
nonforest (USDA, 2018). Based on the FIA, the nonforest category in-
cludes shrubs, grasses, herbaceous ground cover, mountain, snow, and
water. We used FIA forest type information to create our training
dataset.

2.3. NASA Goddard’s LiDAR, Hyperspectral and Thermal (GLiHT)

G-LiHT is an airborne imager system that has a suite of comple-
mentary instrument (lidar, VNIR imaging spectrometer, and thermal
camera) that was designed to map the composition, structure and
function of terrestrial ecosystems at fine spatial resolution (1 m)
(Andersen et al., 2015; Cook et al., 2013). G-LiHT data was acquired at a
nominal altitude of 335 m above ground level (AGL), covering a swath of
~350 m wide spaced 9200 m apart and oriented in a
northeast-southwest direction. The G-LiHT swaths were spatially
aligned with most of the FIA field plots data using GPS-INS (Inertial
Navigation System) system while acquiring the data (Cook et al., 2013).
A Riegl VQ-480 airborne laser scanner (Horn, Austria) was used to ac-
quire ~3 to 6 pulses m 2, and up to 8 returns per pulse were recorded for

each ~10 cm diameter pulse. Lidar data was used to derive the canopy
height model and bare earth model following methods described by
Cook et al. (2013). Imaging spectrometer data in the visible through
infrared range (420-920 nm) were acquired with a Hyperspec imaging
spectrometer (Headwall Photonics, Fitchburg, MA, USA). Downwelling
irradiance data was acquired with an Ocean Optics (Dunedin, FL, USA)
USB4000-VIS-NIR spectrometer, and used to compute at-sensor reflec-
tance as described by Cook et al. (2013). Reflectance data were used to
derive 44 different vegetation indices that represent the unique char-
acteristics of each forest type, and data were downloaded through the
G-LiHT data center (https://glihtdata.gsfc.nasa.gov/). Multi-sensor data
produced by G-LiHT provides a unique opportunity for scientists to
develop synergistic algorithms to monitor forest conditions using data
fusion (Cook et al., 2013).

2.3.1. Lidar derived metrics

For this study, we used various metrics derived from lidar (Table 2).
We resampled the lidar point clouds and processed the data to produce 1
m resolution digital terrain model (DTM) using a classification of ground
returns with a morphological filter (Cook et al., 2013). Similarly,
derived a canopy height model (CHM) from the highest lidar return in
every 1 m grid cell (Cook et al., 2013). The slope is a measure of the

Table 2

Lidar-derived canopy height and topographical metrics at 1 m spatial resolution
were used for analysis. The remote sensing data were collected during summer
of 2014 and 2018 with leaf-on conditions.

Lidar and Topographic Detail

Metrics

Canopy Height Model Highest return above ground (m AGL) in each grid cell,
(CHM) interpolated to pixel centroid (meter)

Digital Terrain Model Ground points (elevation) interpolated to pixel centroid
(DTM) (meter)

Slope Steepness of surface (degrees)

Aspect Direction in which the slope faces (degrees)

Solar Radiation Index Amount of solar radiation reaching the specific area
(SRD (unitless)
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steepness of a surface and the aspect represents the direction in which
the slope faces. The solar radiation aspect index referred to as SRI is a
metric used to quantify the orientation of land surfaces in relation to the
solar radiation. Its values range from O to 1. We used trasp function
available in SpatialEco package (Evans and Ram, 2021) to calculate SRI
in R. The digital terrain model was used to derive the slope, aspect, and
SRI. From here onwards, we will refer to DTM as elevation.

2.3.2. Vegetation indices

Vegetation indices that accentuate essential plant characteristics
such as greenness, light use efficiency, leaf area, stress, biochemical
pigmentation, chlorophyll, anthocyanin, and carotenoid content can be
highly valuable for differentiating among forest types, particularly
under varying illumination conditions. Vegetation indices has been used
to differentiate between vegetation cover (Tian and Fu, 2020). We
derived 44 different vegetation indices from hyperspectral data (1 m) to
that highlight unique spectral and physiological characteristics as
mentioned above (Cook et al., 2013). We have presented 24 commonly
used and important indices selected by model (section 4.2) in Table 3
and other vegetation indices used are presented in Table Al.

3. Methods

The main aim of the study was to analyze the performance of 1) the
convolutional neural network model and 2) XGBoost models for classi-
fying forest type in Alaska’s boreal forest using high-resolution G-LiHT
derived metrics. We approached this study using methods that would be
appropriate for mapping forest types over large ecosystems (~34 million
acres). We therefore used the forest type identified at the subplot level
by the FIA field data and combined it with the high-resolution G-LiHT
derived data. Our method is divided into the following five sections: 1.
Creating labels, 2. Model development, 3. Training models, 4. Model
evaluation, and 5. Model Interpretation (Fig. 3).

3.1. Creating labels

We used the forest type information collected at the subplot level by
the FIA program to create the labeled dataset. Each subplot was around
7 m (24 ft) in radius. From the in-situ forest type labels, we derived three
different taxonomies: 1. forest and nonforest, 2. softwood, hardwood,
and nonforest, and 3. dominant forests paper birch, black spruce, white
spruce, and nonforest. Thus, in total we had three different set of clas-
sification labels for each subplot. For each of these classifications, we
trained and evaluated models separately.

For the CNN model, we used the location of the FIA subplot as a
center to crop each predictor data using a bounding box of size 16 x 16
m. We padded the 14 x 14 m subplots to by 2 such that the crops were a
power of two. For the machine learning model, we derived seven sum-
mary statistics, including minimum, first quartile, median, third quar-
tile, standard deviation, mean, and maximum of each predictor variable
at the subplot level.

To create robust separation and avoid spatial autocorrelation be-
tween training and testing data, which could bias the classification re-
sults, we placed all subplots within a plot into either training or testing
dataset (Marconi et al., 2022). This ensured that the subplots within the
same plot would not end up in both the train and test set. We then
randomly created a split of 80:20% data based on the plot location. We
used a train set (80%) for training our models and a test set (20%) to
evaluate the performance of different models.

3.2. Model development

We developed a custom deep learning (CNN) model using the
PyTorch (Paszke et al., 2019) framework in Python for the classification
of forest type. Our custom CNN model uses two convolutional layers
with 3x3 kernels, followed by two linear layers. Each convolutional
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Table 3

The commonly used and important vegetation indices selected by the models
that were used in the analysis, where R_xx means reflectance in that band xx,
Ravg(xx_xx) and Rsum(xx_xx) mean average and sum of reflectance in those
bands (xx_xx) respectively and D_xx means derivative of the spectral reflectance
at the specific band xx.

Vegetation Index Formula Ref

Metrics describing pigments in vegetation

Normalize Difference (R_800 - R_680)/(R_800 + Rouse et al.
Vegetation Index (NDVI) R_680) (1974)

Simple Ratio Pigment R_430/R_680 Penuelas et al.
Index (SRPI) (1993)

Metrics describing biochemical pigments

Pigment Specific (R_800 - R_635)/(R_800 +
Normalized Difference R_635)
(PSND)

Structure Insensitive

Blackburn (1998)

(R_800 - R_445)/(R_800 — Penuelas et al.

Pigment Index (SIPI) R_680) (1995)
Plant Senescence (R_680 — R_500)/R_750 Merzlyak et al.
Reflectance Index (PSRI) (1999)
Normalized (R_415 - R_435)/(R_415 + Barnes et al.
Phaeophytinization R_435) (1992)

Index (NPQI)

Photochemical Reflectance (R_531 - R_570)/(R_531+ Rondeaux et al.

Index (PRI) R_570) (1996)
Renormalized Difference (R_800—R_670)/sqrt(R_800 + Roujean and
Vegetation Index (RDVI) R_670) Breon (1995)

Metrics describing chlorophyll pigments
Derivative Chlorophyll D_705/D_722
Index (DCI)
Datt Index (Dattl)
Datt Index (Datt2)

Zarco-Tejada
et al. (2002)
Datt (1998)
Datt (1999)

R_672 * (R.550 * R_708)
(R_850 - R_710)/(R_850 —

R_680)
Gitelson and Merzlyak R_750/R_550 Gitelson and
(GM1) Merzlyak (1994a)
Gitelson and Merzlyak R_750/R_700 Gitelson and
(GM2) Merzlyak (1994b)
Greenness Index (GI) R_554/R_677 Smith et al.
(1995)
Maccioni (MAC) (R_780 -R_710)/(R_780 — Maccioni et al.
R_680) (2001)
MERIS Terrestrial (R_754 - R_709)/(R_709 — Dash and Curran
Chlorophyll Index R_681) (2007)
(MTCD)
Normalized Pigment (R-_680 - R_430)/(R_680 + R- Barnes et al.
Chlorophyll Index 430) (1992)
(NPCD)
Vogelmann (VOG) D715/D705 Vogelmann et al.
(1993)
Metrics describing anthocyanin and carotenoid content
Anthocyanin Reflectance (1/R_550) - (1/R_700) Gitelson et al.
Index (ARI1) (2007)
Anthocyanin Reflectance R_800 * ((1/R_550) — (1/ Gitelson et al.
Index (ARI 2) R_700)) (2007)
Red Green Ratio Index Rsum(600-699)/Rsum Gamon and
(RGRI) (500-599) Surfus (1999)

Gitelson et al.
(2007)

Carotenoid Reflectance
Index (CRI1)
Metrics describing leaf area, plant stress & background noise

(1/R_510) — (1/R_550)

Carter Stress (CS2) R_605/R_760 Carter (1994)

Elvidge and Zhikang (EZ) R_(625-795) Elvidge and Chen
(1995)

Aoki (AOKI) R_500/R_850 Akao et al. (1981)

Triangular Vegetation 0.5*(120*(Ravg760_800 — Broge and

Index (TVI) Ravg530_570) — 200* Leblanc (2001)

(Ravg650_680 — Ravg530_570))

layer was followed by batch normalization, rectified linear units (ReLu)
as the activation function, and max pooling. Batch normalization re-
duces training time and overfitting (Ioffe and Szegedy, 2015). These
features were then converted to one-dimensional vectors before passing
to the linear layer. Finally, we get the probability values of classes using
the softmax in the last layer.

We compared the performance of the convolutional neural network
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model with eXtreme gradient boosting (XGBoost), which is known to
outperform other machine learning models for supervised classification.
Image crop of canopy height, elevation, slope, aspect, and vegetation
indices were the input for the CNN model. For the machine learning
models, we used the summary statistics of each predictor variable. A
total of 343 predictor variables were used for machine learning models
to make fair comparison with the deep learning model. For XGBoost
model, we used various parameters such as learning rate that controls
the step size at which the optimizer updates to weights, gamma which
minimize the loss reduction needed to make further partition on a leaf
node, maximum depth of trees (max_depth) that controls the maximum
depth of the trees in the model, colsample_bytree which controls the
fraction of features used for each tree. We used randomized search for
optimal hyperparameter selection.

3.3. Model training

For both models, we normalized the data with a z-score using the
mean and the standard deviation of the training set. For training deep
learning models, we used cross-entropy loss, and an Adam optimizer. We
used augmentation techniques to avoid overfitting and improve the
generalization of the model on unseen data. During training, we applied
different augmentation techniques, such as random horizontal and
vertical flipping, and Gaussian blur using the torchvision package
(Marcel and Rodriguez, 2010). We trained deep learning models using
NVIDIA 2080 Ti GPUs on the Hyak supercomputer of the University of
Washington, Seattle, United States. Our models were trained for 100
epochs with a batch size of 16 and a learning rate of 1e-3, of which we
saved the last epoch model for the evaluation model.

We implemented our machine learning models using scikit-learn
(Pedregosa et al., 2011). Instead of using default hyperparameter
values, we tuned hyperparameters during the training phase to improve
the classification accuracy. We tuned the hyperparameter separately for
each model, using a randomized search. We used a randomized search
on five-parameter combinations with five-fold random cross-validation
on training data and the best cross-validation score model was fit to
the complete training set.

3.4. Model evaluation

To quantify model performance, we used overall accuracy (OA),
precision (also known as user’s accuracy (UA)), recall (also known as
producer’s accuracy (PA)), and F1 score. We also used a macro averages
of precision, recall, and F1 score, which take the average across classes
for multi-class classification to determine the best data modality and
model (Mayra et al., 2021). These metrics were derived using the
following formulas with true positives (TP), true negatives (TN), false
positives (FP), false negatives (FN), and total numbers of items (N).

_TP+TN

OA=—x @
Recall = %\J ()
Precision = % 3
Flo* Precision*Recall @

~ % Precision + Recall

3.5. Model interpretation and variable importance

Machine learning models are considered a black box because the
process leading to model outputs is difficult to understand and interpret.
However, there are methods like Shapley Additive exPlanations (SHAP)
(Lundberg, 2017; Lundberg et al., 2018), that are model-agnostic and
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provides detailed and individualized explanations and attributes for
individual variables, as opposed to providing only general in-
terpretations across the entire dataset (Li, 2022). The SHAP method is a
powerful tool for interpreting models confidently (Lundberg et al.,
2018). For the local interpretation of predictors, we used the SHAP
method with only the XGBoost model for simplicity and efficiency. We
implemented SHAP by using the package called shapviz (Mayer and
Stando, 2024) in R (version 4.3.1).

We used a beeswarm plot to interpret individual predictor’s contri-
bution to the model output. The SHAP value on the x-axis is the measure
of the impact of each feature on the model’s prediction. A SHAP value of
zero means the feature has no impact. A positive SHAP value indicates
that the feature is pushing the prediction towards one class and a
negative SHAP value is pushing the prediction towards another class.
Each row represents a feature used in the model ordered based on its
importance. The x position of the dot shows the impact on the model’s
output and the color of the dot represents the value of the feature from
low to high.

In addition, to understand which topographical variables were more
associated with paper birch, black spruce, white spruce, and nonforest,
we used a dependence plot with the XGBoost model using SHAP. The
dependence plots help to understand the relationship between individ-
ual predictors and forest type. In the dependence plots, the y-axis rep-
resents SHAP values, indicating the impact of each feature on the
model’s prediction for a particular forest type. Positive SHAP values
indicate that the feature contributes towards classifying the area as that
forest type, while negative values indicate prediction away from that
forest type.

4. Results
4.1. Classification results

We compared the performance of CNNs with XGBoost model for the
classification of forest type using high resolution remote sensing data
and FIA subplot for three different forest type classifications. All CNN
models outperformed the XGBoost models with the highest macro
average F1 score and overall accuracy for all classification levels (Fig. 4).
A detailed breakdown analysis of model accuracy for all classification
levels is provided in the subsections.

4.1.1. Classification of forest and nonforest

The forest and nonforest classification had the highest accuracy for
both models compared to other classifications. The CNN model had an
overall accuracy of 93.1% with a macro average F1 score of 0.91.
Whereas the overall accuracy of XGBoost was 89.9% with a macro
average F1 score of 0.86. The CNN model had the higher F1 score,
precision, and recall for both forest and nonforest classes compared to
XGBoost (Table 4). Generally, forest was classified with higher accu-
racies and nonforest was confused with forest over 20% of the time
(Figure Al).

4.1.2. Classification of hardwood, softwood, and nonforest

The CNN model had over all accuracy of 82.6% with a macro average
F1 score of 0.80. Whereas the overall accuracy of XGBoost was 79.0%
with a macro average F1 score of 0.75. The F1 score for all classes was
higher with the CNN model (Table 4). The hardwood and nonforest
classes were mostly confused with softwood (Figure A2). The perfor-
mance of the CNN model for all classes was more balanced and better
than XGBoost.

4.1.3. Classification of paper birch, black spruce, white spruce and
nonforest

Along with nonforest, we selected three dominant forest types
including paper birch, black spruce, and white spruce as they comprise
over 80% of the forested land in Interior Alaska for classification
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Fig. 4. Summary of the results showing CNN model performs better than XGBoost in terms of the overall accuracy and F1 score for each classification level.
Dominant forest type includes paper birch, black spruce, white spruce and nonforest.

Table 4

Accuracy assessment of XGBoost and CNN model for different forest type classifications where OA means soverall accuracy and Macro Avg means macro average.

Forest and nonforest

XGBoost CNN
Precision Recall F1 score Precision Recall F1 score
Forest 0.90 0.98 0.93 0.92 0.99 0.95
0.91 0.69 0.79 0.96 0.80 0.87
Nonforest
0.91 0.83 0.86 0.94 0.89 0.91
Macro Avg
89.9 % 93.1 %
OA
Hardwood, softwood and nonforest
XGBoost CNN
Precision Recall F1 score Precision Recall F1 score
Hardwood 0.71 0.50 0.59 0.72 0.64 0.68
0.92 0.73 0.81 0.92 0.81 0.86
Nonforest
0.77 0.92 0.84 0.81 0.90 0.85
Softwood
0.80 0.72 0.75 0.82 0.78 0.80
Macro avg
79.0 % 82.6 %
OA
Dominant forest type: Paper birch, black spruce, white spruce and nonforest
XGBoost CNN
Precision Recall F1 score Precision Recall F1 score
Paper Birch 0.62 0.44 0.52 0.62 0.67 0.64
0.10 0.88 0.18 0.11 0.83 0.20
Black spruce
0.04 0.78 0.07 0.04 0.83 0.07
Nonforest
0.54 0.41 0.47 0.53 0.37 0.44
White spruce
0.33 0.63 0.31 0.32 0.67 0.34
Macro avg
72.2% 74.7 %
OA

(Cahoon and Baer, 2022). The CNN model had an overall accuracy of
74.7% with 0.34 macro average F1 score. Whereas XGBoost model had
an overall accuracy of 72.2% with 0.31 macro average F1 score
(Table 4). Typically, black spruce and nonforest were classified with
higher accuracy, and white spruce was the most difficult species to
classify correctly and was confused mostly with black spruce and some
with birch (Figure A3).

4.2. Global feature contribution

To better interpret the optimal importance of different predictors
with XGBoost, we used SHAP. In Fig. 5, the x-axis is the mean SHAP
values, which represents the average impact on the model output. The
canopy height model and elevation were consistently the top predictors
across different classifications. Otherwise, feature contributions varied
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Fig. 5. The top 15 predictors for different level forest type classifications where (left) forest or nonforest, (middle) hardwood, softwood or nonforest, and (right)
birch, black spruce, nonforest and white spruce. All acronyms in the above graphs are provided in Tables 2 and 3

across different classifications (Fig. 5). For forest and nonforest classi-
fication, solar radiation, aspect, Derivative Chlorophyll Index (DCI),
Vogelmann (VOG), Anthocyanin Reflectance Index (ARI1), and Renor-
malized Difference Vegetation Index (RDVI) had the largest impact. For
hardwood, softwood and nonforest classification, slope, Pigment Spe-
cific Normalized Difference (PSND), Photochemical Reflectance Index
(PRI), Normalized Phaeophytinization Index (NPQI), solar radiation,
and aspect had the largest impact. For paper birch, black spruce, white
spruce and nonforest classification, slope, solar radiation, aspect, PSND,
PRI, and NPQI had the largest impact on the model output. The variation
in the canopy height and elevation for different forest types is shown in
Fig. 6. The paper birch displayed the largest canopy height on average.

4.3. Local feature contribution

4.3.1. Forest and nonforest

For forest and nonforest classification, the widest spread of SHAP
values and those further from zero are the most important features,
including canopy height, elevation, and SRI (Fig. 7). The lower canopy
height showed a positive SHAP value, indicating that lower canopy
height values are important for predicting nonforest class. Conversely,
the higher canopy height values spread towards negative SHAP values
pushes the prediction towards the forest class. In contrast, higher
elevation is spread towards positive SHAP values, indicating higher
elevation lean towards nonforest and vice versa. The lower ARI1 values
tend to lean towards nonforest. Features whose high and low values are
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spread in both positive and negative directions of graph suggest that
their impact on the model’s output depends on the combination with
other features.

4.3.2. Hardwood and softwood

We found that elevation was the most important feature for hard-
wood classification, while canopy height was the most important feature
for softwood classification (Fig. 8). For hardwood classification, lower
elevation had positive SHAP values indicating that lower elevation
pushes the model towards predicting the hardwood. Similarly, medium
slope, higher canopy height and PRI values tend to lean towards hard-
wood. Interestingly, PSND with lower values tend to lean towards
hardwood. Further, those features with high and low values spread in
both directions suggested that their impact on model depends on the
combination of other features.

For softwood, medium to low canopy height values tend to have a
higher probability of being softwood. In contrast to hardwood, higher
PSND and DATT2 values tend to predict softwood. Lower slope (less
steep) and GM1 tends to lean towards softwood. Other presented fea-
tures showed an interactive effect, which means their effect on the
model depends on a combination of other features.

4.3.3. Paper birch, black spruce, and white spruce

We found that canopy height was the most important feature for
classifying black spruce and white spruce while elevation was most
important for paper birch (Fig. 9). Lower elevations had positive SHAP

1500

1000

Elevation (DTM)

500

Birch Black spruce White spruce  Nonforest

Forest Types

Fig. 6. Demonstrating box plot for the canopy height (CHM) and elevation (DTM) for three dominating forest types and nonforest classification.
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values, indicating that lower elevation favors both paper birch and black
spruce. While higher elevation values lean towards white spruce. Me-
dium slope tends towards predicting paper birch. A higher canopy
height favors paper birch, lower canopy height favors black spruce, and
medium canopy height favors white spruce.

Among the vegetation indices, NPQI, PRI and DATT2 had interactive

Hardwood
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effects on paper birch classification. Whereas lower PSND and higher
GM2 tend towards predicting paper birch. Similarly, higher PSND tend
to predict black spruce and white spruce. In addition, other vegetation
indices, such as PRI, DATT1 had an interactive effect for both black
spruce and white spruce prediction.

4.4. Topographical variables associated with forest types

We used the dependence plots to understand the importance of each
topographical variable since it captures non-linear interactions (Fig. 10).
The elevation was consistently important for all forests and nonforest
classes. For paper birch and black spruce, lower elevations were favor-
able, while for nonforest higher elevations were more favorable. For
white spruce, there was no clear trend, but there were clusters of high
and low values at various elevations. This indicated that elevation has a
more complex relationship with the presence of white spruce.

In general slope was influential for all forest types but in a different
way. For paper birch, the SHAP value tends to decrease as the slope
increases, indicating that moderately steep areas were more likely to be
associated with paper birch. For black spruce, with the increase in slope,
the SHAP value decreases, indicating that less steep areas are more likely
associated with black spruce. For white spruce, the SHAP values are
concentrated around zero, with a slight trend where both low and high
slopes have negative SHAP values. This suggested that moderate slopes
may be favorable for white spruce. There is a wide distribution of SHAP
values across the slope for nonforest with slight concentration of positive
values at higher slope indicating that steeper slope may have higher
likelihood of nonforest. Both solar radiation and aspect had less clear
direct effects on forests and nonforest classification, suggesting their
impact might depend on interaction with other features.

5. Discussion
5.1. Overadll findings
In this study, we compared the performance of the convolutional

neural network with XGBoost model for identifying forest type using the
combination of FIA field plot and high-resolution G-LiHT remote sensing
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Fig. 8. Comparison of individual feature contributions (top 15) for hardwood, nonforest and softwood classification where class 1: hardwood and class 2: softwood.

All acronyms in the above graphs are provided in Tables 2 and 3
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Fig. 9. Comparison of individual feature contributions (top 15) for forests and nonforest classification where class 1: paper birch, class 2: black spruce, and class 3:
white spruce. All acronyms in the above graphs are provided in Tables 2 & 3.
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data in the boreal forest of Interior Alaska. For the forest type classifi-
cation, we conducted classification at three different levels including 1)
forest and nonforest, 2) hardwood and softwood and nonforest, and 3)
dominant forest type including paper birch, black spruce, white spruce
and nonforest. In addition, we used the SHAP method to understand the
global and local feature importance.

Our results showed that forest and nonforest classification was
conducted with the higher accuracy (96.1%). Whereas we achieved an
overall accuracy of 82.6% for hardwood, softwood, and nonforest and
74.7% for four class classification including paper birch, black spruce,
white spruce, and nonforest. The CNN model outperformed the XGBoost
model in terms of overall accuracy and macro average F1 score for all
three different level classifications (Fig. 4). This results aligns with
Mayra et al. (2021) who found CNN to outperform various commonly
used machine learning models for the individual tree species classifi-
cation. The key advantage of CNN model is that CNNs can automatically
learn important features from the input data and are known as best
performing model for image classification problems (Krizhevsky et al.,
2017; LeCun et al., 2015; Mayra et al., 2021). The CNN models per-
formed especially better in separating forest and nonforest, which can
provide important information to forest managers. The CNN model also
performed better in separating hardwood, softwood and nonforest,
which can provide a beneficial method for industry, since commercial
interest focuses on softwood. Further, among various features used, we
found that canopy height and elevation were the topmost important
predictors across all classifications (Fig. 5).

We also found that the commonly used Normalized Difference
Vegetation Index (NDVI) was not useful for the boreal forest type clas-
sification. Instead, vegetation indices such as Anthocyanin Reflectance
Index (ARI) to be useful for forest nonforest classification and Pigment
Specific Normalized Difference (PSND), Photochemical Reflectance
Index (PRI), and Gitelson and Merzlyak (GM1) to be most useful for
differentiating between hardwood and softwood. These vegetation
indices capture reflectance mostly in green, red, red-edge, and near-
infrared bands and are particularly valuable for identifying and moni-
toring plant physiological traits, stress (Tian and Fu, 2020; Viinikka
et al., 2020). This results aligns with Viinikka et al. (2020) who found
vegetation indices other than NDVI such as PSND and PRI to be
important for identifying boreal forest species. These vegetation indices
are important for improving the classification accuracy and ecological
assessments in the boreal forest ecosystem.

The framework developed in this study enables the generation of
accurate and high-resolution forest type maps across unprecedented
scales. These forest type maps are useful in a variety of contexts
including estimation of aboveground biomass and carbon, supporting
forest management plans, managing timber production, and harvesting
(Trivino et al., 2015) and aid information to rural communities that
depend on nearby forest resources (Shoot et al., 2021). The
high-resolution forest type map can further our understanding of fine
scale ecological processes and provide a strong basis for ecological
studies.

5.2. Most important features

Our results showed that canopy height and elevation were the most
important variable across all classifications. Lower canopy height,
higher elevation, lower solar radiation was related to nonforest this
could be due to nonforest includes grasses and shrubs whose canopy
heights are generally lower than tree and are found above tree line at
higher elevations with low temperatures.
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Similarly, our study showed that lower elevation, medium slope, and
higher canopies were associated with hardwood. The hardwood stands
include aspen, paper birch and balsam poplar that are mostly found in
less steep slope (Chapin et al., 2006). Further, we found medium to low
canopy height was more associated with softwood stands. The softwood
stands include black spruce, white spruce, and tamarack.

Further, vegetation indices that measure important plant features
and characteristics like greenness, leaf pigmentation, and light use ef-
ficiency, proved highly valuable in differentiating among forest types in
Interior Alaska. We will discuss specific vegetation indices later in our
discussion.

5.3. Ecological interpretation

5.3.1. Potential sources of misclassification

In this section, we present potential ecological reasons to explain
misclassification observed among forest types. Our classification was
based identifying the dominant forest type within in subplots, each
covering an area with 24 ft radius (around 7 m). Each subplot may have
a mix of forest types, with one dominant species assigned to it. Some of
the nonforest subplots were confused with the forest class which could
be due to nonforest class also includes shrubs, grasslands and the areas
that do not pass FIA’s the minimum canopy threshold of 10% (USDA,
2018).

Among hardwood, softwood, and nonforest classification, softwood
was classified most accurately (90%). While hardwood was confused
with softwood class, this could be because hardwood forest stands such
as aspen have a mixture of white spruce (Chapin et al., 2006). Similarly,
birch dominated stands could have sporadically spread of white spruce
and black spruce (Chapin et al., 2006; Douglas et al., 2014).

Similarly, among the three dominant forest type along with non-
forest classification, black spruce and nonforest had the higher accuracy.
The birch class was mostly misclassified as black spruce, this could be
because birch stands could have scattered black spruce that replace the
birch in later succession (Chapin et al., 2006). While white spruce was
misclassified as both birch and black spruce. This could be because
mixed white spruce stands could have birch (Douglas et al., 2014). In
addition, both black spruce and late-successional white spruce are
mostly available in cooler and moist areas (Chapin et al., 2006).

5.3.2. Importance of remote sensing variables

Among various remote sensing variables canopy height was the most
important variable across all classifications. In addition, key plant traits
allowed discrimination of forest types using vegetation indices. We
found that Anthocyanin Reflectance Index (ARI1) with lower values,
were more related to nonforest. This is because ARI1 is used for
describing anthocyanin content in plants, which are higher in deciduous
trees (Gould, 2004).

Similarly, our study showed that higher Photochemical Reflectance
Index (PRI) and lower Pigment Specific Normalized Difference (PSND)
were associated with hardwood. The PRI index is used as the indicator of
photosynthetic radiation found in both hardwood and softwood forests
(Gamon et al., 1997). However, softwood forest has low photosynthetic
rate relative to the hardwood forest because of which higher PRI is more
related to hardwood (Gamon et al., 1997). Further, the PSND index is
highly correlated with chlorophylls (Blackburn, 1999) and hardwood
forests during fall change color and have lower chlorophylls. That is why
lower PSND values were more associated with hardwood forest.

Further, we found higher PSND and DATT2 were associated with
softwood. The PSND and DATT2 is closed related to the higher
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chlorophyll content in the leaf (Blackburn, 1999; Datt, 1999). Conse-
quently, higher values of these indices are associated with softwood
forests, where foliage maintains its green color without significant
changes like hardwood forest. While lower Gitelson and Merzlyak
(GM1) index is related to softwood because this index is related to
chlorophyll content of yellow-green leaf (Gitelson et al., 1996a,b).

These findings align with previous study conducted in European
boreal forest that has found that PSND was important for identifying the
coniferous trees and PRI was important for identifying aspen and birch
(Viinikka et al., 2020).

5.3.3. Importance of topographic and solar radiation variables

Among various topographical variables, including elevation, slope,
aspect, and solar radiation, we found elevation was consistently
important for all forest types and nonforest.

We found that lower elevation, moderately steep areas with east- and
south-facing slopes had a higher probability of associating with paper
birch. This aligns with previous studies that have found birch stands to
be more common on upland and south-facing slopes (Douglas et al.,
2014) while others have found on east- and west-facing slopes that are
cool and moist (Chapin et al., 2006). Since birch can be found either in
south-facing or west-, and east-facing, which has very different solar
radiation therefore we were not able to find a clear relationship between
solar radiation and paper birch.

We found that lower elevations, less steep slopes, north facing areas
with medium solar radiation have a higher likelihood to be associated
with black spruce. Among all topographic variables, elevation was
strongly associated with black spruce that aligns with the results of
previous studies (Calef et al., 2005). In general, black spruce stands are
found to dominate the north-facing upland slopes with permafrost
because they prefer cool and moist places (Chapin et al., 2006; Douglas
et al., 2014).

Similarly, we found that moderate slope with either very high or low
solar radiation is likely to be associated with white spruce. The lower
elevations were associated with white spruce but not as strong as black
spruce. Previous studies have shown that mixed white spruce stands can
be found in uplands and lowlands and north-facing slopes (Douglas
et al., 2014) and late successional white spruce are found in lower ele-
vations on south-, east-, and west-facing slopes (Chapin et al., 2006).
Since white spruce can be found in slope with different directions due to
which we were not able to find a clear relationship between aspect and
white spruce. White spruces are generally found in cooler and moist
areas (Chapin et al., 2006). which aligns with our finding of white
spruce being associated with moderate solar radiation. And higher
elevation and lower solar radiation were associated with nonforest.

6. Conclusion

In this study, we presented a framework for forest type classification
combining FIA field plots and high-resolution remote sensing data in the
boreal forest of Interior Alaska. We conducted forest type classification
at three different levels, including 1. Forest and nonforest, 2. Hardwood,
softwood, and nonforest and 3. Three dominant forest types, including
paper birch, black spruce, white spruce, and nonforest. In addition, we
also identified the importance of topographic and remote sensing vari-
ables for each forest type classification. The study showed that forest
type classification can be conducted with high accuracy using deep
learning methods and high-resolution remote sensing data. The study
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also showed that elevation was the most important topographic factor
associated with these forest types. In addition, we found that canopy
height and vegetation indices including Photochemical Reflectance
Index (PRI), Pigment Specific Normalized Difference (PSND), and
Gitelson and Merzlyak (GM1) were important for differentiating be-
tween hardwood and softwood while Anthocyanin Reflectance Index
(ARI1) was important for differentiating between forest and nonforest.

This is the first study to use a systematic sampling of field data with
high-resolution airborne remote sensing data collected over large areas
under variable sky condition to classify forest types in Interior Alaska,
with particular emphasis in evaluating the performance of deep learning
and machine learning models in the process. This research highlights the
importance and uses of high-resolution remote sensing to complement
field especially in cases where field locations are inaccessible by
humans. In future, we aim to use these models to produce forest type
classifications over the entire G-LiHT footprint. The development and
evaluation of models using field and high-resolution remote sensing for
mapping forest type will be crucial for long-term monitoring for forest
ecosystem to detect changes and estimating above ground biomass,
carbon, and supporting forest management plans.
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Appendix A

Table Al

Additional vegetation indices that were used in the analysis.
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Vegetation Index

Formula

Ref

Carter Stress (CS1)
Carotenoid Reflectance Index (CRI2)
Curvature Index (CI)

Difference Vegetation Index (DVI)
Filella and Penuelas (FP)

Modified Chlorophyll Absorption Ration Index
Improved (MCARI2)

Modified Red Edge Normalized Difference Vegetation
Index (MRENDVI)

Modified Red Edge Simple Ratio (MRESR)

Modified Simple Ration (MSR)

Modified Triangular Vegetation Index (MTVI)

Modified Triangular Vegetation Index Improved
(MTVI2)

Modified Chlorophyll Absorption Ratio Index
(MCARI)

Normalize Difference Vegetation Index (NDVI)

Optimized Soil Adjusted Vegetation Index (OSAVI)

Pigment Specific Simple Ration (PSSR)

Ratio Vegetation Index (RVI)

Red Edge Inflection Point (REIP)
Red Edge Normalized Difference Vegetation Index

(RENDVI)
Vogelmann Red Edge Index (VOGREI)

R_695/R_760
(1/R_510) - (1/R_700)
(R_683 * 2)/(R_675 * R_691)

R_800 - R_680
R_(680-780)

1.5%((2.5*(R_800 — R_670)) — (1.3*(R_800 —-R_550)))/(sqrt(((((2*R_800 + 1)*(2*R_800 + 1)))) -

(6*R_800 —(5*(sqrt(R_670))) — 0.5)))
(R_750-R_705)/(R_750+R_705+(2*R_445))

(R_750 - R_445)/(R_705 - R_445)

((R_800/(R_678 — 1))/sqrt((R_800/R_760)+1))
1.2*%((1.2*(R_800 — R_550)) - (2.5*(R_670 -R_550)))

(1.5*%((1.2*(R_800 - R_550)) - (2.5*(R_670-R_550))))/(sqrt(((2*R_800 + 1)*(2*R_800 + 1))-

(6*R_800 — (5*(sqrt(R_670)))) — 0.5))
1.2*((2.5*(R_800 — R_670)) — (1.3*(R_800 — R_550)))

(R_800 - R_680)/(R_800-+R_680)
(R_800 -R_680)/(R_800+R_680 + 0.16)
R_600/R_680

R_800/R_680

R_750/R_700

(R_750 - R_705)/(R_750 + R_705)

R_740/R_720

Carter (1994)
Gitelson et al. (2007)
Zarco-Tejada et al.
(2002)

Tucker (1979)

Filella and Penuelas
(1994)

Haboudane (2004)

Datt (1999)

Sims and Gamon
(2002)

Chen (1996)
Haboudane (2004)
Haboudane (2004)

Haboudane (2004)

Rouse et al. (1974)
Penuelas et al. (1994)
Blackburn (1998)
Royle and Lathrop
(2002)

Vogelmann et al.
(1993)

Gitelson et al. (1996)

Vogelmann et al.
(1993)

XGBoost

Forest

Nonforest

Forest

Forest

Nonforest

Nonforest

CNN

Forest Nonforest

Fig. Al. Confusion matrix of forest and nonforest classification using XGBoost and CNN models. Rows indicate correct labels and columns indicate predicted labels.

XGBoost
Hardwood 0.04 046 Hardwood
Nonforest 0.04 0.23 Nonforest
Softwood 0.06 0.02 Softwood
Hardwood Nonforest Softwood

Hardwood

0.03

Softwood

Nonforest

Fig. A2. Confusion matrix of hardwood, nonforest and softwood classification using XGBoost and CNN models. Rows indicate correct labels and columns indicate

predicted labels.
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XGBoost
Paper Birch 0.05
Black spruce 0.06
Nonforest 0.06
White spruce 0.15 0.37 0.07 041
Paper Birch Black spruce Nonforest White spruce
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CNN
Paper Birch 0.03
Black spruce 0.06
Nonforest 0.02 0.05
White spruce 0.16 0.38 0.09 0.37

Paper Birch Black spruce  Nonforest White spruce

Fig. A3. Confusion matrix of paper birch, black spruce, nonforest and white spruce classification using XGBoost and CNN models. Rows indicate correct labels and

columns indicate predicted labels.

Data availability

The source code used in our analysis is available at: https://github.
com/Upanpra/forest-type-detection. FIA plots approximate locations
are publicly available; however, the actual FIA plot coordinates used for
analysis are confidential. Therefore, authors do not have permission to
share data.
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