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ABSTRACT

The Landsat multispectral time series is a valuable source of moderate spatial resolution data to support forest
mapping and monitoring tasks. Using United States Department of Agriculture (USDA) Forest Service Forest
Inventory and Analysis (FIA) plots within the states of Michigan, Oregon, and West Virginia, two methods to
summarize time series observations, harmonic regression coefficients and Global Land Analysis & Discovery
(GLAD) Phenology metrics, are compared for predicting forest community type, total aboveground live biomass
(AGLBM), and species-specific AGLBM. Harmonic regression coefficients, which provided mean overall accu-
racies (OAs) between 62.8% and 73.1% and map image classification efficacies (MICEs) varying between 0.455
and 0.566 for the three studied states and calculated using multiple model replicates, generally provided better
predictive performance for differentiating forest community types in comparison to GLAD phenology metrics.
However, differences were not always statistically significant. DTM-derived terrain variables improved classi-
fication performance in some landscapes when using machine learning, random forest classification (for
example, the highest obtained mean OA of 78.5% (MICE = 0.557) was obtained for West Virginia when using the
combined harmonic regression and terrain variables). For the regression-based estimation of total and species-
specific AGLBM, the spectral data used and the incorporation of terrain variables had less of an impact on
model performance. Further, the regression models in Oregon provided larger mean R-squared values (0.452 to
0.490) in comparison to those in Michigan and West Virginia, where all R-squared values were lower than 0.200,
suggesting that AGLBM prediction may be more or less challenging in different landscapes depending on forest
characteristics, terrain, management practices, and disturbance histories.

1. Introduction

Pasquarella et al., 2018)), and other forest attributes (e.g., species
composition, biomass, and leaf area index) (Chen and Cihlar, 1996;

The multispectral data provided by the Landsat program, which
began in the 1970s and continues to the present day, have many ap-
plications for forest mapping, monitoring, and assessment at a moderate
spatial resolution (Landsat Legacy Project Team, 2017). Applications
include monitoring and mapping forest fires and associated effects (e.g.,
(French et al., 2008; Parker et al., 2015; Soverel et al., 2010)), defor-
estation and fragmentation patterns (e.g., (Hansen et al., 2013; Margono
et al., 2012; Schultz et al., 2016; Shimabukuro et al., 1998)), forest
health and the impact of blights or disease (e.g., (Pasquarella et al.,
2017; Royle and Lathrop, 1997; Vogelmann et al., 2009)), forest com-
munity types (e.g., (Beaubien et al., 1979; Bryant et al., 1980;
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Fassnacht et al., 1997; Huang et al., 2009; Lopez-Serrano et al., 2020;
Potapov et al., 2021). Forests are essential ecosystems in regards to the
biodiversity they support; their roles in local-, regional-, and global-scale
energy and chemical cycles, including the carbon and nitrogen cycles;
their modulation of global climate change; and the ecosystem services
they provide (Binkley, 2021; Bonan, 2008; Franklin et al., 2018; Jackson
et al., 2008; Perry et al., 2008; Smail, 2010). As a result, continued
research on the use of remotely sensed data to map, monitor, and
manage forests is of great importance.

In 2008, the Landsat data archive was made open and freely avail-
able, which spurred a rapid increase in the download volume and use of
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these data. For example, between 1972 and 2008, less than 3,000 scenes
were sold per month. In contrast, and following the opening of the
archive, nearly one million scenes were downloaded in 2009 with a
subsequent 20-fold increase in downloads by 2017 (Zhu et al., 2019).
The availability of the full data archive has also allowed easier analysis
of multiple scenes collected on different dates, as opposed to individual
scenes. This has fueled research on change detection, anomaly detec-
tion, time series analysis, and vegetation phenology (Adams et al., 2020;
Hansen et al., 2016; Pasquarella et al., 2018, 2017; Potapov et al., 2021,
2020, 2008; Wilson et al., 2018). Such analyses are also supported by the
availability of derived products and analysis ready data (ARD) (Dwyer
et al., 2018; Wulder et al., 2019). Further, cloud computing platforms,
such as Google Earth Engine (GEE) (Gorelick et al., 2017; Hansen et al.,
2013) and the Microsoft Planetary Computer (Simoes et al., 2021; Xu
et al., 2022), allow for the analysis of large volumes of time series data
without downloading and locally processing individual scenes.
Multiple methods are available to generate derived metrics from a
single image, such as using band indices (Lillesand and Kiefer, 1979),
principal component analysis (Estornell et al., 2013; Lillesand and Kie-
fer, 1979), or tasseled cap transformations (Crist and Cicone, 1984;
Lastovicka et al., 2020; Lillesand and Kiefer, 1979). Similarly, multiple
methods can be used to derive a set of metrics from a time series of
observations. Methods include generating monthly or seasonal com-
posites (Adams et al., 2020; Flood, 2013), fitting models to detect
anomalies or abrupt changes in surface reflectance (Zhu and Woodcock,
2014), summarizing the phenology curve (Nijland et al., 2016; Pas-
quarella et al., 2018; Rose and Nagle, 2021), or fitting a time series
function that can capture patterns or oscillations at different temporal
scales (e.g., monthly and seasonally) (Adams et al., 2020; Pasquarella
et al., 2018; Wilson et al., 2018). Thus, it is important to consider what
methods should be used to characterize or generate a set of derived
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metrics from the time series to support specific mapping and/or
modeling needs.

This study compares Landsat-derived harmonic regression (Sellers
et al., 1996, 1994; Wilson et al., 2018) and Global Land Analysis &
Discovery (GLAD) Phenology Metrics Type A datasets for (1) differen-
tiating broad forest community types, (2) estimating total aboveground
live biomass (AGLBM), and (3) estimating species-specific AGLBM.
Harmonic regression, which is described in more detail below, allows for
estimating a periodic signal using a Fourier series of varying order or
number of harmonics. In the context of multispectral data, this periodic
signal is generally associated with a spectral reflectance band or deriv-
ative, such as a vegetation index (Sellers et al., 1996, 1994; Wilson et al.,
2018). The Global Land Analysis & Discovery (GLAD) Phenology Type A
ARD product, which is also described in more detail below offers a
globally consistent characterization of land surface phenology as
captured by the Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced
Thematic Mapper Plus (ETM+), and Landsat 8 Operational Land Imager
(OLI) sensors (Potapov et al., 2020). Training and validation data in this
study were derived from the United States Department of Agriculture
(USDA) Forest Service Forest Inventory and Analysis (FIA) plots within
the states of Michigan, Oregon, and West Virginia in the United States
(USA).

2. Methods
2.1. Study areas and field data

In order to generalize the results of the study, three separate study
areas were used: the states of Michigan, Oregon, and West Virginia, USA

(Fig. 1). These states were chosen based on variability in landscape and
forest characteristics and also due to the ability to establish data sharing
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Fig. 1. Study areas as the states of Michigan, Oregon, and West Virginia in the United States. Map projection is USA Contiguous Albers Equal Area Conic.
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agreements with the research stations in which they occur. The state of
Michigan occurs at an average latitude of around 45°N and has eleva-
tions ranging from 174 to 603 m with an average elevation of 270 m. It
experiences a continental climate with hot, humid summers, cold win-
ters, and four distinct seasons. Temperatures range from a winter
average of around —10 °C to a summer average of around 26 °C, and
mean annual precipitation is between 760 and 1,020 mm. Landforms
and surficial conditions in the state have been heavily influenced by
Pleistocene glaciation. Oregon occurs at an average latitude of 44°N, has
an elevation range of 0 to 3,329 m, and has an average elevation around
1,000 m. Climates are variable across the state with marked differences
in both temperature and rainfall; the following climate types occur
within the state: oceanic, Mediterranean, steppe, subarctic, and high
desert. The state is mountainous with active tectonic activity and
volcanism. West Virginia occurs within the Appalachian region of North
America, has a mean latitude of around 39°N, and elevations ranging
from 73 to 1,482 m with a mean elevation of 461 m. It experiences a
humid subtropical climate with warm to hot and humid summers and
cold winters. Temperatures average between —4 °C in the winter and
24 °C in the summer. Average annual precipitation ranges from 810 to
1,400 mm. In contrast to Michigan, Pleistocene glacial deposits are ab-
sent. Forests across all three states have been impacted by European
settlement, agriculture, and timber harvesting (Hardwick et al., 2013).
Forest communities occurring in each state are discussed below.

The FIA program collects, analyzes, and reports information about
the nations’ forests on an annual basis in order to document both forest
status and change (Forest Inventory and Analysis National Program, n.
d.). This requires the establishment and repeated field surveying of a
large set of plots occurring on both public and private lands. To select
plot locations, the country is divided into 6,000 acre (2,428 ha) hexa-
gons, and a random coordinate is selected within each hexagon. Each
individual plot consists of four subplots, one at the center and the other
three positioned such that its center is 120 feet (36.6 m) from the center
of the central plot and at an azimuth of 0°, 120°, or 240° (Bechtold and
Patterson, 2005). Since the correct coordinates of FIA plots are not made
publicly available and because we needed to extract pixel values at the
plot locations, a data request was made to the USDA Forest Service
Pacific Northwest Research Station to obtain data for Oregon and the
Northern Research Station to obtain data for Michigan and West Vir-
ginia. Extraction of data at plot locations was conducted by the Spatial
Data Services group of the FIA program, and tables were provided to the
researchers without associated plot coordinate information in order to
maintain data integrity and privacy.

Once data tables were provided, we filtered the data so that only
plots that had a stocked forested condition status, had a forest type
group defined, were single-condition, and had a non-zero reported total
AGLBM were used in the analysis. This resulted in 1,642 plots for
Michigan, 2,605 for Oregon, and 891 for West Virginia. A wide variety of
forest type groups are differentiated by the FIA program. To reduce the
number of categories for the classification assessment and to remove
categories that were rare or had few samples, forest type groups were
merged into a smaller number of categories, termed forest community
types in this study. Forest type groups that were not abundant and could
not be combined with other classes were assigned to an “Other” class.
Table 1 provides the forest community types that were defined and the
count of samples in each grouping per state. For the estimation of a
continuous variable, we explored total AGLBM and a species-specific
AGLBM. For Oregon, Douglas Fir (Pseudotsuga menziesii) was selected
due to its abundance. Also due to abundance, White Oak (Quercus alba)
was selected in Michigan and West Virginia. Fig. 2 below shows the
distribution of total AGLBM in each state within the used plots in units of
tons per acre. The mean total AGLBM for Michigan, Oregon, and West
Virginia were 11.2, 20.2, and 19.0 tons per acre, respectively, while the
standard deviations were 8.3, 23.8, and 12.3, respectively. The mean
species AGLBM for Michigan, Oregon, and West Virginia were 0.2, 16.3,
and 1.6 tons per acre, respectively, while the standard deviations were
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Table 1
Forest classification/groupings of forest type groups and associated count of
plots for each state.

State Forest Community Type Count
Michigan Aspen/Birch 229
Elm/Ash 110
Spruce/Fir 216
Maple/Mixed 562
Oak Dominant 279
Pine Dominant 234
Other 12
Oregon Alder/Maple 29
Douglas Fir 857
Spruce/Fir 420
Hemlock/Sitka 75
Lodgepole Pine 236
Oak Dominant 44
Tanoak/Laurel 54
Larch 32
Other 848
West Virginia Elm/Ash 7
Loblolly 9
Maple/Mixed 242
Oak Dominant 591
Oak/Pine 18
Spruce/Fir 8
Pine Dominant 3
Other 13

1.4, 24.3, and 4.8, respectively.
2.2. Harmonic regression metrics

Equation 1 represents a harmonic regression implementation where
Bo is the y-intercept, f; is a slope term that allows for including a long
term increasing or decreasing linear trend (i.e., non-stationarity), and By;
through Bs; represent coefficients associated with the cosine and sine
terms that describe the oscillating signal. Two coefficients are estimated
for each order or harmonic. Incorporating multiple harmonics allows for
modeling multiple periodic signals or more complex patterns occurring
over different time intervals (e.g., yearly or seasonally); however, add-
ing many harmonics can result in overfitting. Similar to traditional
regression methods, harmonic regression coefficients can be estimated
using the ordinary least squares (OLS) method. The variable t represents
the time for which a prediction is being made while T is the number of
time divisions for one year or the largest temporal pattern being
modeled. The number of harmonics included in the model is n while the
current harmonic is denoted as i. Lastly, ¥ is the estimated value of the
measure of interest, such as the predicted normalized difference vege-
tation index (NDVI), at a given time (t) (Sellers et al., 1996, 1994;
Shumway et al., 2000; Wilson et al., 2018). Fig. 3 conceptualizes two
harmonic regression models with one and three harmonics. Note how
adding additional harmonics allows for modeling more complex peri-
odic patterns in the data.

Y =PBo + Pr2at + > 1 (Byicos (BE) +py;sin (Z) ) (Equation 1).

In this study, harmonic regression coefficients were calculated using
Landsat 8 OLI data at all plot locations. Specifically, all cloud free pixel
observations at the plot location were extracted for all data collected
between 2014 and 2018; the tasseled cap transformation (Baig et al.,
2014; Crist and Cicone, 1984) was performed from the surface reflec-
tance data to derive brightness, greenness, and wetness bands; and a 3rd
order harmonic series was fit to the three bands separately using the
available clear observations and the OLS method. The three harmonics
represent oscillations occurring at the twelve-, six-, and four-month
periods. This resulted in a total of 21 metrics: the sine and cosine co-
efficients for each harmonic and the y-intercept term calculated using
the brightness, greenness, and wetness bands separately. The signal was
assumed to be stationary, so no long-term trend was included in the
model.
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Fig. 2. Distribution of total aboveground live biomass (AGLBM) within each state for all used plot locations. Units are tons per acre. Red dot represents the mean
AGLBM. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. Conceptualization of harmonic regression with varying number of harmonics.

Several studies have documented the value of harmonic regression
for deriving predictor variables from a time series of multispectral data
for estimating forest attributes. Wilson et al. (2018) proposed the use of
harmonic regression coefficients derived from Landsat tasseled cap
transformation bands for classification of forest types and estimation of
forest metrics within FIA plots, including number of trees, basal area,
and AGLBM. They documented a two- to three-fold improvement in
explained variance for regression models and a 10% to 20% increase in
classification accuracy in comparison to using monthly Landsat image
composites. Adams et al. (2020) documented improved performance for
differentiating forest community types and gradient compositions using
Landsat-derived harmonic regression coefficients calculated from tas-
seled cap bands and the enhanced vegetation index (EVI) compared to
Landsat-derived seasonal composites. Similarly, Pasquarella et al.
(2018) noted better performance for differentiating forest community
types using harmonic regression compared to seasonal composites and
single-date images. They attributed this to improved separation between
deciduous and conifer forest community types, which had distinguish-
able amplitudes in the yearly oscillations.

2.3. GLAD Phenology metrics

The methods used to generate GLAD Phenology metrics products are
described by Potapov et al. (2020) while full documentation is available
on the GLAD website (https://glad.umd.edu/ard/glad-landsat-ard-
tools). First, all Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI
images from 1997 to the present are categorized into quality tiers, and
only those meeting the highest geometric and radiometric quality are
used (i.e., Tier 1 scenes). Scenes including seasonal snow cover are also
excluded. Remaining scenes are processed to estimate surface reflec-
tance then combined to generate 16-day composites using the best
available data. Prior to generating metrics relative to a selected pro-
cessing year, gaps, such as those resulting from cloud cover, are filled
using observations from prior years. If no gap-free data are available at a
pixel location from prior years, linear regression is used to fill gaps using
near pixel values. The goal is to generate a globally consistent and gap-
filled ARD product with a regular 16-day time interval using the best
available data (Potapov et al., 2020).

Once the 16-day composites are generated and gaps are filled, a large
set of metrics are generated to summarize phenology conditions relative
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to a specified year. Metric sets include Type A, B, and C. We used the
Type A metrics in this study since more measures are generated in
comparison to the Type B set and because the Type C metrics were not
available at the time that a data request was made to the FIA program.
Further, metrics were derived relative to the year 2018. All 16-day
composites from 2015 to 2018 were downloaded, and data from 2015
through 2017 were used to fill gaps in the 2018 data. A Perl (The Perl
Programming Language - https://www.perl.org,” n.d.) script provided
by the GLAD program (Potapov et al., 2020) was used to generate the
341 metrics from the 16-day composites.

We made use of a total of 341 metrics, which are summarized in
Table 2. In the GLAD ARD Type A product, metrics are calculated from
the six spectral reflectance bands (blue, green, red, near infrared (NIR),
shortwave infrared 1 (SWIR1), and shortwave infrared 2 (SWIR2)) and a
set of band ratios derived from these bands. The spectral variability
vegetation index (SVVI) after Coulter et al. (2016) is also included,
which is calculated by subtracting the sum of the standard deviations of
the NIR, SWIR1, and SWIR2 bands for the available image dates from the
sum of the standard deviations of all included bands (Coulter et al.,
2016). Summary statistics are then derived from the rankings of the data
either defined using the current spectral band or index or a corre-
sponding variable. Corresponding variables used are the NDVI, SVVI,
and brightness temperature, which are derived from the Landsat thermal
data (Potapov et al., 2020).

Although these data are globally available, they have seen limited
application for estimating forest conditions or attributes. Potapov et al.
(2021) combined the Type C metric set with canopy height estimates
derived from the Global Ecosystem Dynamics Investigation (GEDI) light
detection and ranging (LiDAR) instrument to generate a prediction of
canopy heights for all forested Landsat pixels globally (Potapov et al.,
2021). In a prior study, some of the authors of the current study
compared the GLAD Phenology Type C metrics to harmonic regression
coefficients and seasonal band medians, all of which were derived from
Landsat data, to differentiate forest community types for the entire state
of West Virginia, USA. We observed the best performance when

Table 2

Summary of GLAD Phenology metrics Type A. Summary metrics are calculated
for spectral bands or band indices based on rank relative to the current variable
or a corresponding variable.

Spectral Band or Index Ranking Variable Summary Metrics

Blue Self Minimum (min)*
Green Maximum (max)*
Red NDVI Second lowest value (smin)*
NIR Second highest value (smax)*
SWIR1 SVVI Median
SWIR2 Mean smin to Q2*
NDVI Brightness Mean Q2 to smax*
(NIR-SWIR1)/(NIR + Temperature Mean min to Q1*
SWIR1) Mean Q3 to max*
(Blue-Green)/(Blue + Mean Q1 to Q3
Green) Mean of all
(Blue-Red)/(Blue + Mean of all values except min
Red) and max

(Blue-NIR)/(Blue + Amplitude (max — min)*

NIR) Amplitude (smax — smin)*
(Green-Red)/(Green + Amplitude (Mean Q2 to max —
Red) Mean Q2 to min)*
(Green-NIR)/(Green + Amplitude (Mean Q3 to max —
NIR) Mean Q2 to min)*
(SWIR1-SWIR2)/

(SWIR1 + SWIR2)

SVVI

*

indicates metrics that are calculated when defining ranks using a corre-
sponding variable; all metrics are calculated when determining ranks using the
current variable. NIR = near infrared; SWIR1 = shortwave infrared 1; SWIR2 =
shortwave infrared 2; NDVI = normalized difference vegetation index; SVVI =
spectral variability vegetation index; Q1 = first quartile; Q2 = second quartile;
Q3 = third quartile.
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combining harmonic regression coefficients with terrain variables
derived from National Elevation Dataset (NED) digital terrain models
(DTMs). The GLAD metrics generally outperformed seasonal composites
but did not provide an accuracy comparable to the harmonic regression
results (Hartley et al., 2022). This study expands upon our prior study by
incorporating a large set of ground measurements from the FIA program;
exploring both the classification of forest community types and the
prediction of total and species-specific AGLBM; and investigating mul-
tiple states with varying ecological, environmental, and landscape
alteration conditions.

2.4. Digital terrain variables

Digital terrain variables derived from DTMs have generally been
shown to be useful for forest type differentiation in some landscapes
(see, for example, (Adams et al., 2020; Hartley et al., 2022; Pasquarella
et al., 2018)) since they provide landscape information associated with
relative topographic position, steepness, slope orientation, surface
roughness, and incoming solar radiation, which can impact site char-
acteristics and forest compositions and characteristics (Franklin, 2020;
Maxwell and Shobe, 2022). Terrain metrics can be especially useful
when forest classes may have limited spectral differences but favor
different landscape conditions (Adams et al., 2020; Hartley et al., 2022).
As a result and using ArcGIS Pro (Download ArcGIS Pro—ArcGIS Pro |
Documentation, n.d.) and custom Python/ArcPy scripts (ArcGIS Pro
Python reference—ArcGIS Pro | Documentation, n.d.; Welcome to Py-
thon.org, n.d.), we generated a set of digital terrain variables from the 1/
3rd arc-second (10 m) spatial resolution National Elevation Dataset
(NED) DTM data (Gesch et al., 2002). Table 3 below summarizes the
twelve calculated metrics, which were selected to capture a variety of
terrain characteristics. In order to match the spatial resolution of the
Landsat-derived variables, all metrics were calculated at a 10 m spatial
resolution then resampled to a 30 m spatial resolution using pixel ag-
gregation. For variables that rely on moving window-based calculations,
a circular window with a 3 cell, or 30 m, radius was used.

2.5. Modeling, Validation, and comparison

Random forest (Breiman, 2001), a machine learning algorithm, was
used to perform the classification task of differentiating forest commu-
nity types and also the regression tasks of estimating total and species-

Table 3

Terrain derivatives used as predictor variables in the study with associated de-
scriptions or equations. Z = elevation; Slp = topographic slope; Asp = topo-
graphic aspect; 6> = variance.

Variable Description/Equation
Linear Aspect 270 — 360 « arctanz(%A, @)
27 ox’ dy
Elevation Bare-ground surface height
Topographic Dissection 2 — Zmin
Index Zmax — Zmin

Heat Load Index Index associated with annual direct incoming solar
radiation taking into account latitude, slope, and aspect
Topographic Roughness  6%(z)

Index

Surface Area Ratio

Site Exposure Index
Slope (Degrees)
Mean Slope

Slope Position

Surface Relief Ratio

Topographic Radiation
Aspect Index

Cell Size?
Cos(Slope in Degrees)

Asp — 180
Slp x cos(zri180 )

arctan ( (g—;)z + (%)j (%)

Calculates slope within a moving window

Z-Zmean

Zmean — Zmin

Zmax — Zmin
T

1 7cos((m) x (Asp — 30))
2
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specific AGLBM. It is a nonparametric, ensemble decision tree method in
which (1) each tree in the ensemble uses a random subset of the training
data, which are selected using bootstrapping or random sampling with
replacement, and (2) each decision rule or binary split is based on a
single variable selected from a random subset of all available predictor
variables. The goal of these augmentations is to reduce the correlation
between the decision trees in the ensemble by providing each tree with a
different subset of the training samples and limiting what variables are
available to partition the data. The goal is to train a set of weak models
that are collectively strong due to reduced correlation (Breiman, 2001).

Instead of randomly dividing the data into separate training and
testing sets and in order to be able to train multiple models and assess
the variability in performance, a total of 20 models were generated for
each feature space combination. A total of four feature spaces were
tested: harmonic regression coefficients (H), harmonic regression co-
efficients plus terrain variables (HT), GLAD metrics (G), and GLAD
metrics plus terrain variables (GT). Each replicate used a different
random split of the available samples into training and testing partitions
with 70% of the samples used to train the model and 30% reserved for
assessment. When predicting the forest community types, we performed
stratified random sampling to maintain the relative proportions of each
class in the training and testing sets. For each separate model we also
tuned the number of random variables available for splitting at each
node (mtry) hyperparameter using 10-fold cross-validation and the
random training samples selected for that specific model. For the clas-
sification problem, the mtry parameter that provided the best Kappa
statistic was selected. For the regression problems, the mtry parameter
that provided the best root mean square error (RMSE) was selected. All
models were trained using the ranger (Wright and Ziegler, 2017) and
caret (Kuhn, 2021) packages in the R language and data science envi-
ronment (R Core Team, 2020), and 500 trees were used in each
ensemble. For the classification problem and in order to combat the
negative impacts of class imbalance, classes were weighted based on the
inverse of their abundance in the dataset while training the models.

Due to the large number of variables that constitute the GLAD
Phenology Type A metrics, we also conducted principal component
analysis (PCA) (Estornell et al., 2013) separately for each model repli-
cate and using only the training data for that model run to avoid a data
leak. A total of 15 principal component bands were calculated, which
was found to be adequate to capture more than 99% of the variability in
the original 341 variables. Since PCAs were calculated separately for
each model run, loadings differed for each replicate.

For the forest community type classification problem, model
assessment was performed using the withheld testing data. Each repli-
cate was evaluated separately using different withheld testing sets in
order to capture the variability in predicted performance. The classifi-
cations were assessed using overall accuracy (OA), which is calculated
as the proportion of the testing samples that were correctly classified
(Congalton and Green, 2019), and map image classification efficacy
(MICE) (Shao et al., 2021). MICE, in contrast to the more traditional
Kappa metric which has been suggested to have logical flaws and for
which its use is being discouraged, uses only the reference class margin
totals to adjust OA for chance agreement. Kappa uses both the reference
and classification margin totals. MICE is robust to accuracy inflation due
to chance agreement, and it is particularly informative when the number
of samples per class are imbalanced (Shao et al., 2021). Lastly, we report
the percent of the validation samples in which the correct forest com-
munity type was within the top three predicted probabilities (top3).
Metrics were calculated using the caret (Kuhn, 2021) and rfUtilities
(Evans and Murphy, 2018) packages in R (R Core Team, 2020).

Also for the forest community type classification problem, we
assessed the predicted class probabilities using area under the receiver
operating characteristic curve (AUC ROC) and area under the precision-
recall curve (AUC PRC). The ROC curve considers class producer’s ac-
curacy (1 — omission error) at multiple binary thresholds. It can be
overly optimistic when classes are imbalanced. In contrast, the
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precision-recall curve takes into account the producer’s and user’s ac-
curacy (1 — commission error), defined relative to the positive case, and
can be especially useful when classes are imbalanced because user’s
accuracy is impacted by class proportions (Fan et al., 2006; Saito and
Rehmsmeier, 2015; Tharwat, 2020). Since more than two classes are
differentiated in this study, multi-class AUC ROC and AUC PR were
calculated using the multiROC R package (Wei and Wang, 2018). Micro-
average AUCs were calculated by aggregating true positive (TP), true
negative (TN), false positive (FP), and false negative (FN) samples across
all classes, which is more sensitive to class imbalance than the alterna-
tive macro-averaging method, which averages the metric for each class
and gives each class equal weight in the calculation (Wei and Wang,
2018).

For the regression assessment, we used the RMSE and prediction R-
squared metrics. RMSE is calculated in the units of the variable being
predicted, in this case tons per acre, and represents the average absolute
residual error. R-squared represents the proportion of variance in the
response variable that is explained by the model and is unitless (James
et al., 2013). We made use of the Metrics package (Hamner and Frasco,
2018) in R.

Using the 20 model replicates for each feature space, we assessed the
differences in performance using a pairwise Kruskal-Wallis test. This
nonparametric method compares differences between groups using rank
order and adjusts p-values for multiple comparisons (Dalgaard, 2002).
For each pairwise comparison, the null hypothesis is that the median
values of the two groups are equal while the alternative is that the
median values are not equal. For the forest type classification problem,
we compared the MICE metrics while we compared RMSE for the total
and species-specific AGLBM predictions. A 95% confidence interval and
a 0.05 alpha were used.

3. Results and discussion
3.1. Forest type classification

Table 4 below provides the mean performance metrics for each state
and for each feature space, which was calculated from the 20 model
replicates, while Fig. 4 shows the distribution of OA and MICE for each
feature space combination within each state. In regards to models that
did not incorporate terrain metrics, the harmonic regression coefficients
(H) generally outperformed the predictions made using the 15 principal
components calculated from the GLAD metrics (G). OA differences were
0.031, 0.016, and 0.037 for Michigan, Oregon, and West Virginia,
respectively. Similar trends were noted for the other metrics. When
adding the terrain metrics, improvements were seen in comparison to

Table 4

Mean assessment results for 20 replicates of forest type classification using four
different feature sets. OA = overall accuracy; MICE = map image classification
efficacy; top3 = proportion of samples in which the correct forest type was in the
top three predicted class probabilities; ROC AUC = area under the receiver
operating characteristic curve; ROC PRC = area under the precision-recall curve;
G = GLAD; GT = GLAD plus terrain derivatives; H = harmonic regression; HT =
harmonic regression + terrain derivatives.

State Feature Set  OA MICE top3 AUCROC AUCPRC
Michigan G 0.597 0.492 0.894 0.900 0.671
GT 0.620 0.520 0.906  0.908 0.684
H 0.628 0.530 0.908 0.910 0.692
HT 0.631 0.535 0.911 0.914 0.695
Oregon G 0.658 0.544  0.901 0.935 0.709
GT 0.691 0.588 0.937 0.949 0.737
H 0.674 0.566 0.926  0.945 0.736
HT 0.698 0.598 0.945 0.955 0.759
West Virginia G 0.694 0.368 0.958 0.946 0.728
GT 0.772  0.529  0.961 0.958 0.789
H 0.731 0.445 0.977 0.962 0.786
HT 0.785 0.557 0.973  0.969 0.830
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only using the harmonic regression or GLAD Phenology metrics, high-
lighting the value of incorporating digital terrain data when attempting
to differentiate certain forest community types. This supports findings
from Adams et al. (2020), Pasquarella et al. (2018), and Hartley et al.
(2022). These findings generally align with the findings from our prior
study in West Virginia, Hartley et al. (2022), in which the GLAD Type C
metrics were used, and training and validation data were derived from
field plot data provided by the West Virginia Natural Heritage Program
(Hartley et al., 2022). Harmonic regression generally outperformed the
GLAD metrics, and digital terrain variables were important for
improving predictive performance.

It should be noted that the top3 metric was above 0.89 for all states
and all metric sets. In other words, the correct forest community type
had a predicted probability in the top three classes more than 89% of the
time. This suggests that a large proportion of the error is generally
associated with confusion between specific classes. The AUC ROC metric
was generally lower than the AUC PRC metric, which we attribute to the
high degree of class imbalance or number of samples in each forest
community type (Saito and Rehmsmeier, 2015).

Table 5 shows the Kruskal-Wallis pairwise comparison results for the
forest community type differentiation using the different feature spaces
within each state, which were calculated using the 20 replicates and
compares the median of the MICE metrics based on rank. Using a 95%
confidence interval and 0.05 alpha, the G and GT results were statisti-
cally different for all states. Further, the H and HT results were statis-
tically significant for Oregon and West Virginia but not Michigan. This
highlights the value of incorporating digital terrain variables for forest
community type differentiation in some landscapes. We attribute the
reduced value of adding terrain variables in Michigan in comparison to
Oregon and West Virginia to lower topographic variability, which could

Table 5

Kruskal-Wallis pairwise comparison results for predicting forest community
types using different feature spaces. Statistically significant comparisons are
shaded gray. G = GLAD; GT = GLAD plus terrain derivatives; H = harmonic
regression; HT = harmonic regression + terrain derivatives; UCI = upper 95%

confidence interval; LCI = lower 95% confidence interval.

State Set Difference ucI LCI p-value
Michigan G to GT —20.70 —40.08 -1.32  2.89E-02
GtoH —28.75 —48.13 —9.37  0.000543
H to GT —8.05 —27.43 11.32 1
G to HT -33.55 -52.93  -14.17  3.00E-05
GTtoHT  -12.85 -32.23 6.53  0.481042
H to HT —4.80 —24.18 14.58 1
Oregon G to GT -37.75 —-57.13 —18.37 2.00E-06
GtoH —18.45 —37.83 0.93  0.072145
Hto GT 19.30 —0.08 38.68  0.051664
G to HT —45.2 —64.58 —25.82 0
GT to HT —7.45 —26.83 1193 1
H to HT —26.75 —46.13 —7.37  0.001628
West Virginia G to GT —43.125 —62.49 -23.76 0
GtoH —17.225 —36.59 2.14  0.113754
H to HT 25.9 6.53 45.27  0.002512
G to HT —52.25 —71.62 -32.88 0
GT to HT -9.125 —28.49 1024 1
H to HT —35.025 -54.39  -15.66  1.10E-05

result in topographic factors being less important for differentiating
forest community types in this landscape. However, other confounding
factors include different disturbance and management practices and
histories, different community types, and the impact of glaciation.

The G and H datasets were only statistically different for Michigan
while the GT and HT datasets were not statistically significant for any of



A.E. Maxwell et al.

the three states. This suggests that while harmonic regression co-
efficients generally provided higher OA, MICE, AUC ROC, and AUC PRC,
the improvement was generally not statistically significant. Practically,
this suggests that GLAD metrics may be a suitable choice when
attempting to differentiate forest community types at a moderate spatial
resolution using spectral or spectral and terrain predictor variables.

3.2. AGLBM prediction

The mean RMSE and R-squared for the 20 model replicates for each
feature space in each state and for both the total and species-specific
AGLBM are reported in Table 6 while Fig. 5 shows the distribution of
predicted R-squared and RMSE. Generally, a larger proportion of the
total variance in total and Douglas Fir AGLBM were explained in the
Oregon models than the total and White Oak AGLBM in Michigan and
West Virginia. However, RMSE was lower for Michigan and West Vir-
ginia. We attribute these differences partially to the variability in
AGLBM between FIA plots within the different states. As noted above,
the standard deviation of total AGLBM for Michigan, Oregon, and West
Virginia were 1.4, 24.3, and 4.8, respectively. Thus, the Oregon FIA plot
data were much more variable than the data from the other two states.
Thus, direct comparisons between the three states may not be appro-
priate. Also, the species chosen to explore species-specific AGLBM was
different for Oregon vs. Michigan and West Virginia. However, even
given these differences, the results generally suggest stronger perfor-
mance in Oregon in comparison to the other two states, perhaps due to
the stronger topographic influence. For example, all R-squared values,
regardless of the feature space or whether total or species-specific
AGLBM was being predicted, were above 0.40 in Oregon and lower
than 0.20 in the other two states. This could partially be a result of
differences in inherent variability, as noted above. However, it could
also be related to differences in disturbance histories, management
practices, and forest characteristics, such as the vertical distribution of
the biomass, the amount of subcanopy vegetation, and the spacing and
sizes of trees within the FIA plots.

In contrast to the forest community type classification results, the
performance of the different feature spaces was less pronounced for
predicting total and species-specific AGLBM. Adding terrain variables
generally had less of an impact and there were less differences between
the harmonic regression and GLAD Phenology metrics models. Based on
the pairwise Kruskal-Wallis analysis, for estimating total AGLBM only
the Oregon G and HT models were statistically different (p-value =
0.022). All other pairs were suggested to not have statistically different
median RMSEs. For the species-specific AGLBM, no feature spaces in any
states had statistically significantly different median RMSEs at an alpha
of 0.05. In summary, the feature space, including representing the
spectral data using harmonic regression coefficients vs. GLAD

Table 6

Mean assessment results for 20 replicates of total AGLBM and species-specific
AGLBM predictions using four different feature spaces. RMSE = root mean
square error; G = GLAD; GT = GLAD plus terrain derivatives; H = harmonic
regression; HT = harmonic regression + terrain derivatives.

Total Species
State Feature Set RMSE R-Squared RMSE R-Squared
Michigan G 7.833 0.134 1.376 0.009
GT 7.801 0.142 1.374 0.012
H 7.733 0.158 1.332 0.087
HT 7.750 0.157 1.347 0.059
Oregon G 17.906 0.452 17.442 0.468
GT 17.667 0.467 17.194 0.484
H 17.432 0.484 17.592 0.461
HT 17.369 0.490 17.326 0.478
West Virginia G 12.305 0.011 4.498 0.035
GT 12.192 0.028 4.472 0.048
H 12.188 0.027 4.484 0.039

HT 12.138 0.034 4.446 0.054
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Phenology metrics and including both spectral and terrain variables, had
less of an impact on predicting total or species-specific AGLBM than
differentiating forest community types. Further, forest community type
differentiation was generally found to be more accurate than biomass
estimation using the Landsat-derived spectral measures with or without
the terrain variables.

Several prior studies have noted the benefit of using time series ag-
gregation or summarization methods, such as harmonic regression, that
characterize spectral variability, seasonality, and phenology, to predict
AGLBM (for example, (H. Nguyen et al., 2019; Wilson et al., 2018; Zhu
and Liu, 2015)). Prior studies have also noted the value of using machine
learning-based regression methods, such as RF and support vector ma-
chines (SVM), for predicting AGLBM from spectral variables (for
example, (Lopez-Serrano et al., 2020; Wu et al., 2016)). Although add-
ing terrain derivatives offered only minimal improvements in this study,
as documented by the lack of statistical difference between models,
other studies have noted benefits (e.g., (Lopez-Serrano et al., 2020)). A
survey of prior studies also suggests variability in reported model per-
formance, as estimated using R-squared and/or the RMSE metric. We
argue that the variabilities documented both within this study and be-
tween prior studies may be at least partially attributed to differences in
the forest types and species compositions, vertical stratification,
disturbance histories, landscape characteristics, and spatial extents of
study areas used in the research, which highlights the value of using
multiple, disparate study areas to generalize findings. This also high-
lights the value of large datasets, such as those provided by the FIA
program, for assessing modeling methods.

4. Conclusions and recommendations

This study offered a comparison of two methods to summarize a time
series of Landsat observations, harmonic regression coefficients and
GLAD Phenology metrics, for estimating forest characteristics, specif-
ically forest community type, total AGLBM, and species-specific AGLBM.
We also incorporated terrain variables derived from NED DTM data. FIA
plots served as the training and validation data in the study, and three
separate states were examined: Michigan, Oregon, and West Virginia.

Our findings support the use of harmonic regression coefficients as a
means to summarize spectral time series data. Harmonic regression
coefficients generally provided better predictive performance for
differentiating forest community types in comparison to GLAD
phenology metrics. However, differences were not always statistically
significant, suggesting that GLAD ARD products may be adequate if
harmonic regression coefficients are not available. Regardless of the
spectral data used, DTM-derived terrain variables improved classifica-
tion performance in some landscapes when using machine learning,
random forest classification. For the regression-based estimation of total
and species-specific AGLBM, the spectral data used and the incorpora-
tion of terrain variables had less of an impact on model performance.
Further, the regression models in Oregon were more accurate than those
in Michigan and West Virginia, suggesting that AGLBM prediction may
be more or less challenging in different landscapes depending on forest
characteristics (e.g., species composition and understory abundance),
terrain, management practices, and disturbance histories.

The development of ARD products relying on harmonic regression
methods would be valuable to aid users in adopting these metrics.
Further, this could add consistency to harmonic regression and coeffi-
cient estimation methods between studies and applied mapping and
monitoring tasks. Further, the development of standard terrain metric
datasets from existing DTM data, such as those provided by the United
States Geological Survey (USGS) 3DEP program, could be valuable for
forest mapping and monitoring tasks that rely on empirical, machine
learning methods.
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