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ARTICLE INFO ABSTRACT

Keywords: Boreal forests play a critical role in global carbon dynamics and climate regulation, yet their structural attributes
UAV-LiDAR remain poorly characterized, particularly in structurally complex ecosystems such as the northern treeline. Here,
HLS we explored the potential of Harmonized Landsat and Sentinel-2 (HLS) multispectral data to predict UAV-LiDAR-
;:ﬁiﬁ-z derived forest structure across sites in the western North American boreal forest. We extracted spectral features

from peak and late summer HLS and used Random Forest models to predict Canopy Height and Crown Cover at
30 m resolution. Our results show strong relationships between spectral and structural metrics, with HLS NDVI
and Tasseled Cap Wetness emerging as key predictors. Predictive performance is higher for dense and sparse
forests than medium-density forests, and no significant differences are found between peak and late summer
models. We compared our UAV-LiDAR Crown Cover estimates to the ABoVE Tree Canopy Cover product and
identified overestimation of Crown Cover in the treeline ecotones. These findings highlight the value of fine-scale
UAV-LiDAR structural data for algorithm building and assessments of satellite-derived products. Nevertheless,
the high proportion of green understory reduces the sensitivity of HLS spectral features to canopy height and
crown cover compared with applications in more productive forests. An open-access HLS-forest structure dataset
is provided, containing HLS pixel-wise labeled forest structure information. By combining structural reference
data with spectral HLS satellite imagery, this study contributes to filling the structural data gap at the boreal
forest northern edge and to predicting forest structure in high-latitude ecosystems.

Forest structure
Boreal forest

1. Introduction cover products (Hansen et al., 2013). Focusing on the boreal region, the

NASA Arctic-Boreal Vulnerability Experiment (National Aeronautics

Boreal forests represent one of the largest terrestrial biomes on Earth,
storing over 30% of all carbon present in the terrestrial biome, and play
a critical role in global carbon dynamics, climate regulation, and
biodiversity (Bonan et al., 1992; Brandt et al., 2013; Gauthier et al.,
2015; Kasischke, 2000). Structural attributes of these forests, such as
canopy height and crown cover, are essential for quantifying forest
aboveground biomass, productivity, and resilience to disturbance
(Bolton et al., 2015; Lefsky et al., 2002; Senf et al., 2020; Shugart et al.,
2010). These metrics can also inform ecological models and carbon
monitoring systems.

Over the past decade, several remote sensing-derived land cover and
forest-focused datasets have been made publicly available, including
global land cover maps (ESA, 2017; Buchhorn et al., 2020a,b) and forest
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and Space Administration; ABoVE) Terrestrial Ecology Program con-
ducted airborne overflights in Alaska and western Canada (Miller et al.,
2019) and produced satellite-derived land cover for the Arctic and
boreal regions (e.g., Wang et al., 2019, 2020). Using these airborne data
for calibration and validation, Feng et al. (2022) developed the ABoVE
Tree Canopy Cover (TCC) and Stand Age circum-hemispherical boreal
product from Landsat with a 30 m spatial resolution, optimized from the
University of Maryland's Global Land Cover Facility global TCC product
(Sexton et al.,, 2013). Despite these advances, obtaining accurate,
consistent, and scalable measurements of forest structure across boreal
forests remains a significant challenge, particularly in the discontinuous
tundra-taiga northern transition zone as described by Matasci et al.
(2018) and Montesano et al. (2016).
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In the North American boreal forests, ground-based and airborne
forest structural data are still sparse near the treeline and taiga-tundra
ecotones (Matasci et al., 2018). While spaceborne laser altimeter mis-
sions such as ICESat-2 and GEDI (Global Ecosystem Dynamics Investi-
gation) (Dubayah et al., 2020; Markus et al., 2017) have advanced
near-global spaceborne forest structure monitoring (e.g., the Canopy
height dataset ATLO8 from Neuenschwander et al., 2021), their
coverage or resolution is often inadequate in high-latitude areas due to
orbital constraints, sparse sampling, or low return densities. GEDI is
onboard the International Space Station, covering latitudes between
51.7° North and South, hence excluding boreal forests. ICESat-2 was
explicitly designed for inland ice and sea ice, and although it can provide
useful canopy height estimates, the errors remain significant for areas of
sparse canopy cover, such as at the northern forest edge (Feng et al.,
2023; Neuenschwander et al., 2020). As a result, the structural
composition of the northern edge of boreal forests remains poorly
characterized at the scale needed for regional assessments and
modeling.

Airborne Light Detection and Ranging (LiDAR), and increasingly in
recent decades, Unpiloted Aerial Vehicle-LiDAR (UAV-LiDAR) systems
have emerged as valuable tools for high-resolution boreal forest in-
ventories and structure mapping (Guimaraes et al., 2020; White et al.,
2016), offering precise 3-D measurements of an area of up to a few km®.
Forest structural attributes, such as canopy height, can be derived from
LiDAR point clouds and used to characterize forests (Alonzo et al., 2018;
Belmonte et al., 2020; Liu et al., 2018) or estimate aboveground biomass
(Lu et al., 2020; Maesano et al., 2022), for example. Compared to
traditional plot-based forest inventories, UAV and airborne LiDAR
datasets provide extensive, high-resolution spatial coverage, making
them well-suited for the development and validation of predictive al-
gorithms. As a result, they are particularly effective for upscaling attri-
butes to wall-to-wall satellite-derived data for large-scale forest
monitoring (Bolton et al., 2015; Matasci et al., 2018; Villoslada et al.,
2024). Forest characterization based on remote sensing is not spatially
limited to areas captured in forest inventory programs or the time
window of fieldwork (Coops et al., 2021; Wulder et al., 2020). Previous
studies have demonstrated the successful upscaling of canopy height or
biomass to spaceborne LiDAR using airborne laser scanning in North
American boreal systems (Margolis et al., 2015; Potapov et al., 2021).
While UAVs cover smaller spatial extents than airborne systems, they
offer significantly higher spatial resolution to derive forest structure.
However, the potential of UAV-LiDAR data for upscaling boreal forest
structure has yet to be systematically explored, specifically at the
northern edge of boreal forests.

Landsat-1 was the first spaceborne multispectral sensor launched in
the 1970s by the NASA/United States Geological Survey for land-surface
monitoring. Landsat satellites have since played a critical role in
monitoring Earth's surface at regional to global scales (Wulder et al.,
2022). Landsat data, characterized by a 30 m pixel resolution for the
spectral bands since Landsat-4 (launched 1982), have been intensively
used to study North American boreal forests from assessing fire severity,
forest recovery trends, to the stability of boreal forest stands within the
context of climate change (French et al., 2008; Masek, 2001; Pickell
et al.,, 2016). The Sentinel-2 satellite mission is the European Space
Agency's (ESA) equivalent to Landsat, offering a higher spatial resolu-
tion (10 to 20 m) but with a more recent start date in 2015. Sentinel-2
has been used for global to local-scale monitoring and mapping of the
Earth's surface (Phiri et al., 2020) and in boreal forest studies (Delcourt
et al., 2021; Enguehard et al., 2024; Grabska et al., 2019; Majasalmi and
Rautiainen, 2016). Both Landsat and Sentinel-2 capture spectral
reflectance in the visible (VIS), near-infrared (NIR), and shortwave
infrared (SWIR) wavelength regions.

As vegetation reflectance varies with the optical properties, pheno-
logical stage, and spatial arrangement of canopy elements (Baret et al.,
2000; Goel, 1988; Goel and Thompson, 2000; Verhoef, 1984), explora-
tion of the mapping of biophysical forest variables using reflectance
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from Landsat and other multispectral sensors has been the focus of many
studies for decades (Cohen and Spies, 1992; Hall et al., 2006; Powell
et al., 2010; Hudak et al., 2002; Hansen et al., 2002). Bolton et al. (2020)
successfully trained Random Forest models using Landsat time series
metrics to upscale airborne LiDAR-derived forest structure, including
tree height, across study sites in the southern Canadian boreal domain.
Because the Sentinel-2 satellite missions span a shorter time period than
Landsat, relatively few studies have so far used Sentinel-2 data to up-
scale forest structure. Astola et al. (2019) investigated the potential of
Sentinel-2 and Landsat-8 using multivariable models to predict forest
structure calibrated with in-situ plot data in boreal forest in Finland. Li
et al. (2020) compared the performance of deep learning and Random
Forest models using Sentinel-1 (SAR), Sentinel-2, and Landsat-8 data to
upscale canopy height for deciduous broad-leaf and deciduous
needle-leaf forest types in China. Fakhri et al. (2025) developed an
optimization approach to estimate forest fractional cover, canopy
height, and height difference by iteratively optimizing vegetation
indices derived from standard vegetation indices and the four 10-m
Sentinel-2 bands, calibrated for semi-arid broadleaf forest types in
Iran and transferred to a mixed temperate forest in Southern Germany.
Using Sentinel-2, Lang et al. (2019) developed a deep convolutional
neural network to upscale airborne LiDAR and Structure from
Motion-derived forest structure to country-wide tree height estimates
for tropical forests in Gabon and predominantly temperate mixed forests
in Switzerland. These studies have employed increasingly complex
methodologies, including machine learning and deep learning ap-
proaches. Because they focused on areas with available in situ forest
plots or airborne-derived forest structure data, they primarily addressed
productive forests, often dominated by commercially managed species.
To the best of our knowledge, forests assessed in Sentinel-2 and
Landsat-based studies rarely include unmanaged, low-productivity for-
ests, such as the low-stature, mostly unmanaged forest types at the
northern boreal forest edge examined in this study using our
UAV-LiDAR-surveyed sites.

Therefore, we aim to use our UAV field data to explore the spectral
relationships between a low-productivity but highly sensitive forest
ecosystem and Landsat and Sentinel-2 spectral information. A key
component in producing land cover products suitable for monitoring is
the availability of freely accessible satellite data at a high processing
level (Fassnacht et al., 2024; Bolton et al., 2020; Hermosilla et al., 2016).
High-quality, processed Landsat and Sentinel-2 surface reflectance time
series are operationally provided by the respective agencies, and the
NASA Harmonized Landsat-Sentinel (HLS) product dataset (Ju et al.,
2025; Masek et al.,, 2021) further combines both Landsat-8,9 and
Sentinel-2A, 2B surface reflectance data into a geometrically
co-registered and spectrally-consistent 30-m product. This fusion effec-
tively increases temporal multispectral product availability compared to
using either sensor alone, with observations of the land surface every 2
to 3 days. Common issues for optical remote sensing in the boreal forest
regions are large data gaps caused by persistent cloud cover, forest fire
smoke in the summers, and low illumination, sun angle, or snow cover
from autumn to spring. Therefore, due to its higher temporal resolution,
the HLS dataset provides a robust and rich optical dataset for studying
boreal forests and offers a promising avenue for upscaling forest struc-
tural information derived from higher spatial resolution datasets such as
UAV-LiDAR. While HLS data have been recently used for land-cover
monitoring (Chen et al., 2021; Mulverhill et al., 2023), its potential in
predicting forest structure from UAV-LiDAR, particularly in the northern
boreal edge, remains unexplored. Moreover, seasonal variation of
spectral surface reflectance from forest land cover, such as peak vs. late
summer time series (Van Geffen et al., 2025), may influence how well
spectral signals in HLS correlate with forest structural metrics. Under-
standing which HLS spectral band or indices correlate the most with
forest structure is critical for identifying optimal seasonal windows for
predicting forest structure and for developing models needed at a scale
that can inform science, management, and policy decisions (Radeloff
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et al., 2024).

In this study, we evaluate the potential of peak summer and late
summer HLS multispectral data to predict key UAV-LiDAR-derived for-
est structural metrics and specifically, Canopy Height and Crown Cover,
across 89 UAV-LiDAR-surveyed sites distributed throughout the north-
ern edge of the western North American boreal forest. Our approach
involves: (1) exploring the linkage of HLS spectral bands and indices for
peak and late summer to characterize boreal forest structure, (2)
exploring regression models to link HLS peak and late summer spectral
and UAV-LiDAR structural data, and (3) exploring how forest structure
is related to the existing ABoVE TCC product (Feng et al., 2022) using
our UAV-LiDAR dataset, focusing on the northern edge of boreal forests.
We aim to address the following questions:

What HLS spectral properties in peak and late summer are most
predictive of UAV-LiDAR-derived forest structure? How does predictive
performance vary across forest density gradients, from open to closed-
canopy stands? How does seasonality (peak vs. late summer) influence
model accuracy and spectral-structural relationships?

To support this investigation, we introduce a new, openly available,
training dataset comprising 30 x 30 m HLS pixels containing peal and
late summer spectral features, each labeled with the corresponding
pixel-wise UAV-LiDAR-derived Canopy Height and Crown Cover mea-
surement for 89 sites in the boreal forest region of Alaska and Northwest
Canada (NW-Canada), also specifically covering sites in the treeline
ecotone.
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2. Data and methods
2.1. Study region

The study area spans the western North American boreal forest be-
tween the latitudes 58°N-68.5°N and longitudes 121°W-165°W. This
region is characterized by low temperature and precipitation, low di-
versity of dominant tree species, generally low canopy height (Appendix
B3), and a sparse human population (Chapin et al., 2006). During the
2022 to 2024 summer field campaigns, we conducted UAV-LiDAR sur-
veys at 89 sites across the boreal forests of Alaska and northwestern
Canada (Fig. 1).

Our study sites cover the northern forest biome edge (treeline
ecotone), with different forest structures (sparse/open and abrupt/uni-
form transitions) in Canada and Alaska (Mackenzie Delta, CA, mountain
slopes of the Brooks Range, AK) (Montesano et al., 2020). In 2024, we
extended our field campaigns to the western treeline on the Seward
Peninsula. Our sites also cover dense coniferous forests (generally
Spruce: Picea mariana, Picea glauca) and mixed deciduous-coniferous
stands (e.g., Betula neoalaskana, Populus tremuloides, Populus balsami-
fera and Spruce) in Interior Alaska and Canada, as well as mountainous
landscapes in Alaska and NW Canada. The study sites are located in
multiple ecoregions (Omernik and Griffith, 2014; Ruaro et al., 2024),
namely Brooks Range Tundra, Alaska Tundra, Alaska Boreal Interior,
Boreal and Taiga Cordillera, Taiga Plain, and a few sites on the Marine
West Coast forest (Fig. 1). This wide gradient captures the boreal forests'
full range of structural and compositional variability characteristics.
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Fig. 1. Location of field sites and unpiloted aerial vehicle (UAV) transects and year of data collection. We established 23 sites during the Canada 2022 expedition
(purple), 47 sites during the Alaska expedition 2023 (yellow), and 19 during the Alaska 2024 expedition (green). The green line represents the Circum-Arctic
Vegetation Map (CAVM) treeline (Raynolds et al., 2019), the approximate border between the tundra and the boreal forest. The ecoregions represented are the
United States Environmental Protection Agency (EPA) Level II ecoregions (Omernik and Griffith, 2014; Ruaro et al., 2024). Some sites overlap because they are
closely located. See the associated published dataset for exact site location (Enguehard et al., 2025).
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2.2. UAV-LiDAR data collection and processing

2.2.1. Collection of UAV-LiDAR data

Each field site encompassed a minimum 500 x 50 m UAV-LiDAR
surveyed area, within which we established a circular 30 m-diameter
forest inventory plot. The LiDAR data were acquired with a YellowScan
Mapper LiDAR sensor mounted on a DJI M300 drone. The Yellowscan
mapper has a Livox Horizon scanner, featuring a long detection distance
(260 m), high precision and accuracy (2 and 3 cm), and high field-of-
view (81.7° (horizontal) x 25.1° (vertical)), with a laser wavelength
of 905 nm. The laser has a point rate of 240,000 to 480,000 points/s, and
beam divergence of 0.28° (horizontal) x 25.1° (vertical). Survey paths
were flown at a speed of 5 m s~ along parallel lines spaced 20 m apart,
at an altitude of 70 m above ground. With this configuration, the point

cloud data has a ground resolution of a minimum of 400 points m 2.

2.2.2. LiDAR-derived canopy height and canopy cover

We processed the UAV-LiDAR data from each site using a series of
steps to produce high-quality, scalable point clouds. The raw LiDAR data
processing steps involved correcting the UAV-flight trajectories in
POSPAC PPTX and flight strip alignment using the software YellowScan
CloudStation.

Following the PC2RCHIVE method (Farkas and Kruse, 2024), we
derived the digital terrain model, Canopy Height Model (CHM), and
segmented individual trees at each site (Brieger et al., 2019; Kruse et al.,
2025a, 2025b; Kruse et al., 2025). The digital terrain model, repre-
senting the ground level without vegetation, was computed using a local
minimum moving filter and smoothed to mitigate the effects of micro-
topography. The CHM was computed as the difference between the
digital top-of-canopy surface model and the digital terrain model, and
smoothed (3 x 3 pixel mean) to prevent over-segmentation of tree
crowns. Both CHM and digital terrain models have a resolution of 2-10
cm. Individual trees were detected by calculating the position of tree
tops and the extent of crowns using a dynamic circular moving window
using the R package ForestTools (Plowright, 2023).

The crown cover (or coverage) represents the proportion of the
ground surface that is covered by tree crowns when viewed from above.
Here, we generated a binary mask from the CHM to compute crown
cover for all trees taller than 1 m. By excluding the low-stature vege-
tation below this threshold, such as low shrubs, seedlings, or herbaceous
cover, we minimize noise and misclassification, ensuring that only
established tree crowns contribute to the crown cover. Finally, we
stacked the CHM and crown cover layers into single raster files, each
maintained at the original centimeter-scale resolution.

2.3. HLS data collection and pre-processing

2.3.1. HLS data collection

The Harmonized Landsat Sentinel-2 (HLS) project provides cross-
standardized surface reflectance data from the Operational Land
Imager aboard the Landsat 8 satellite and the Multi-Spectral Instrument
aboard Europe's Copernicus Sentinel-2A and 2B satellites Ju et al.
(2025); Masek et al. (2021). In the HLS processing, Landsat and
Sentinel-2 are atmospherically corrected using the Land Surface
Reflectance Code, developed by NASA (Vermote et al., 2016) and
adapted by the United States Geological Survey. Both sensor data are
normalized to bi-directional reflectance view angle effects and adjusted
for sensor band differences with the Operational Land Imager as the
reference and provided as a 30-m product in a common Universal
Transverse Mercator -based tile grid from 2015 onwards (Claverie et al.,
2018).

We acquired HLS surface reflectance scenes from the cloud
computing platform Google Earth Engine (Gorelick et al., 2017) using
the geemap Python API package (Wu, 2020) at each of the 89
UAV-LiDAR surveyed areas. The scenes were selected for two pheno-
logical seasons: peak summer and late summer of the field campaign
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years 2022, 2023, and 2024. We defined peak summer as the full leaf-on
period from June 20th to August 10th and late summer as the onset of
deciduous defoliation from August 20th to September 30th. These
windows were carefully chosen to prevent early-season snowfall in the
latter period and to ensure the two intervals do not overlap. We selected
scenes with less than 30% cloud cover and shadow over the transect
area. For our study, we selected the following six main spectral HLS
bands: blue, green, red, NIR, SWIR1, and SWIR2 which are all spectral
bands acquired by both Landsat and Sentinel-2 sensors.

2.3.2. HLS data processing

After the HLS data collection, we first applied a filter with the
Function of mask in Google Earth Engine (Fmask v4.9) optimized for
Landsat and Sentinel-2 to eliminate the remaining clouds, water, and
snow (Qiu et al., 2019). Next, we added a normalized difference vege-
tation index (NDVI) band (NIR-Red)/(NIR + Red) following Rouse et al.
(1974). To catch any remaining water bodies or road surfaces not flag-
ged by Fmask, we masked pixels with any negative surface reflectance,
NIR surface reflectance below 0.02, or NDVI below 0.3 - thereby
excluding non-vegetated or water-dominated areas. Finally, we stacked
all the masked images and generated a median surface reflectance
composite at 30 m HLS pixel spatial scale for each UAV transect for both
peak summer and late summer. Raster files were produced for each field
site covering the entire UAV transects, with all seven bands’ median
surface reflectance pixel values and NDVI for peak summer and late
summer.

2.4. Data fusion processing

To combine the HLS with the UAV-LiDAR data, we resampled and
stacked the LiDAR raster-derivatives with the HLS pixel size (30 by 30
m). We derived canopy height variables for each HLS pixel, namely, the
median, minimum, maximum, and standard deviation of the UAV-
LiDAR-derived canopy height, which were each produced as single
raster layers. We computed the crown cover percentage per HLS pixel
from the binary mask representing a single raster layer.

We deleted pixel values where the crown cover percentage was
below 5% to remove non-forested areas or very sparse forested land-
scapes. The final merged dataset, herein referred to as the HLS forest
structure dataset (Enguehard et al., 2025), includes one Cloud Opti-
mized GeoTIFF per field site containing 19 stacked bands: seven peak
summer bands, seven late summer bands, four canopy height derived
bands, and crown cover percentage (Table 1).

2.5. Key HLS spectral information of UAV transects

We applied Principal Component (PC) and Tasseled Cap (TC)
transformations (Kauth and Thomas, 1976) to extract the key
HLS-derived spectral information characterizing the UAV transects
across the boreal region. The PC rotation with fixed axes, i.e., the TC
transformation, is a widely used method in forest remote sensing
(Dymond et al., 2002; Frazier et al., 2014; Healey et al., 2005), to
condense the key biophysical information from multispectral satellite
imagery. It transforms the original spectral bands into a new set of
orthogonal indices that represent meaningful physical characteristics of
the landscape, commonly Brightness, Greenness, and Wetness in the
case of a vegetated land surface.

We analyzed the indices to evaluate seasonal differences and land
surface dynamics with reduced data dimensionality but enhanced the-
matic relevance. Here, we used the scikit-learn package (Pedregosa
et al., 2011) to compute the PCA for the set of HLS features (seven
features for each season) to transform the seven peak summer and seven
late summer HLS spectral features into uncorrelated components. We
applied the TC transformation using the updated coefficients provided
by Zhai et al. (2022) for Landsat 8. We used the same coefficients for
both Landsat 8 and Sentinel-2 because the atmospheric and bidirectional
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Table 1
Overview of the feature variables included in the HLS forest structure dataset
computed per pixel.

Band Feature Computed as Band Band Unit
N° per HLS pixel HLSL30 HLSS30
Landsat Sentinel-
2

Band 1 Blue Median B02 B02 Unitless (0
surface -1)
reflectance
peak summer
Median B03 B0O3 Unitless (0O
surface -1)
reflectance
peak summer
Median B04 B04 Unitless (0O
surface -1)
reflectance
peak summer
Median B0O5 B0O8 Unitless (0
surface -1)
reflectance
peak summer
Median B06 B11 Unitless (0
surface -1)
reflectance
peak summer
Median B0O7 B12 Unitless (0
surface -1)
reflectance
peak summer
(NIR- Red)/ Unitless
(NIR + Red) ratio (—1 to
peak summer 1)
Bands Same band Median B02, B03, B02, BO3, Unitless (0
8 to order surface B04, BO5, B04, BOS8, -1)
13 reflectance B06, BO7 B11, B12
late summer
Band NDVI (NIR- Red)/ - - Unitless
14 (NIR + Red) ratio (—1 to
late summer 1)
Median - - Meter
LiDAR-
derived
canopy height
per HSL pixel
value
Standard - - Meter
Deviation
LiDAR-
derived CHM
per HSL pixel
value
Minimum - - Meter
LiDAR-
derived CHM
per HLS pixel
value
Maximum - - Meter
LiDAR-
derived CHM
per HLS pixel
value
LiDAR- - -
derived
Canopy Cover
of trees above
1m

Band 2  Green

Band3 Red

Band 4 NIR

Band5 SWIR1

Band 6 SWIR2

Band7  NDVI B04, BOS B04, BO8

Band Median
15 Canopy
Height

Band Standard
16 Deviation
Canopy
Height

Band Minimum
17 Canopy
Height

Band Maximum
18 Canopy
Height

Band Crown
19 cover
percentage

Percentage

reflectance distribution function correction was similarly applied for all
HLS products. The TC transformation was applied to peak and late
summer features to derive the three principal indices (Brightness,
Greenness, and Wetness) for each temporal snapshot. The coefficients
from the referenced table were linearly combined with the respective
surface reflectance bands and NDVI to compute the transformed
outputs.
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2.6. Forest structure upscaling

2.6.1. Upscaling of canopy height and crown cover

We assessed how well median Canopy Height and crown-cover
percentage per HLS pixel can be estimated with distinct regression
models trained for two seasons: peak summer and late summer. For each
season, we fitted a Random Forest regressor (Breiman, 2001) to all 22,
724 pixels using the seven HLS reflectance bands (blue, green, red, NIR,
SWIR1, SWIR2, and NDVI) and the three Tasseled Cap variables
(Brightness, Greenness, and Wetness).

Hyperparameters (i.e., parameters that can be tuned within the
model) were optimized by heuristics to achieve the best overall accuracy
without overfitting the models (Appendix A1). Model performance was
assessed with 20-fold cross-validation, yielding out-of-sample pre-
dictions for every observation so that the reported R2, root mean square
error (RMSE), and mean absolute error (MAE) metrics represent truly
independent estimates of accuracy. Each fold had an independent
training and validation set, making sure that a distance of at least 100 m
between sampled pixels was achieved (Appendix A2). Finally, we
inspected the feature importance of both models to evaluate the relative
influence of each HLS band on canopy-height and crown-cover
predictions.

2.6.2. Upscaling of forest structure types

To evaluate the potential for upscaling specific forest types (e.g.,
sparse or dense), we classified discrete, balanced forest structure cate-
gories identified from the Crown Cover and Canopy Height distributions
with Random Forest supervised classification. The categories were
derived from the 30 m aggregated UAV-LiDAR-derived Crown Cover
distribution: 5-20% (sparse forest), 20-50% (medium density forest), 50-
80% below 5 m (dense, shorter forest), 50-80% above 5 m (dense and
tall forest), 80-100% below 5 m (very dense and short forest, and 80-
100% above 5 m (very dense and tall forest). The classifiers were trained
with a shuffled 20-fold cross-validation on the peak and late summer
stacks using the same seven HLS features (blue, green, red, NIR, SWIR1,
SWIR2, and NDVI), and three Tasseled Cap variables (Brightness,
Greenness, and Wetness) as used for the regression in section 2.6.1.
Using the sklearn library in Python (Pedregosa et al., 2011). Each fold
had an independent training and validation set, ensuring that a distance
of at least 100 m between sampled pixels was reached. Hyperparameters
were optimized by heuristics to achieve the best overall accuracy
(Appendix Al). We evaluated the classifiers with four standard evalua-
tion metrics: precision, recall, Fl-score, and overall accuracy, and
inspected the feature importance. We plotted One-vs-Rest rate--
of-change (ROC) curves for each class and reported the corresponding
area under the curve (AUC) scores to assess class separability across all
thresholds.

2.7. Assessment of NASA ABoVE upscaled forest structure product

To assess currently available Crown Cover datasets with our data, we
compared the HLS forest structure Crown Cover data with the ABoVE
TCC dataset (Feng et al, 2022). The TCC dataset contains
Landsat-derived and locally calibrated TCC, covering most of our study
sites (13 sites not covered) for the year 2020. Here, we matched the
pixels from both Crown Cover datasets and compiled the tree canopy
cover percentage pixel values. We made a pixel-wise comparison and
computed the bias between the TCC and HLS forest structure pixels to
identify regions of low accuracy. We assessed the robustness of the TCC
dataset by computing Pearson correlation coefficients and RMSE.
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3. Results
3.1. HLS forest structure dataset properties

3.1.1. Structural and spectral properties

The HLS forest structure dataset shows that the 30 m median Canopy
Height across all pixels varied by up to 25 m, with a right-skewed fre-
quency distribution with a long tail extending towards the higher trees
and higher frequency around 5 m (Appendix B1). The 30 m Crown Cover
distribution varied between 5 and 100% and is bimodal, with one fre-
quency peak around 15% and one around 90%. The lowest Crown Cover
frequency was between 60 and 70% cover. Based on the Crown Cover
and Canopy Height distribution and our field knowledge, we identified
six forest type categories.

The HLS forest structure dataset was compiled for 648 tiles for peak
summer and 258 tiles for late summer, which were then composited as
the median per pixel. The spectral range of each band, considering the
median surface reflectance per pixel, varied for both seasons (Appendix
B2 & Fig. 2). Peak summer surface reflectance showed higher NIR and
green and lower red surface reflectance in the VIS than late summer. In
contrast, late summer showed higher red surface reflectance in the VIS
and lower NIR than peak summer. Specifically, the dense and high forest
structure type (80-100% > 5 m) presented the highest NIR surface
reflectance in peak summer and late summer (Fig. 2, green). The lowest
cover category (5-20%, red) had the second highest NIR surface reflec-
tance in late summer, but is close to the other categories. The medium
cover category (50-80% > 5 m) presented the lowest NIR, SWIR1, and
SWIR2 surface reflectance for both peak and late summer.

3.1.2. Spatial distribution of forest structure classes

Across the UAV transects within the study region, the most common
forest types fell within the 5-20% (orange) and 20-50% (purple) canopy
cover categories (Fig. 3), indicating a widespread dominance of sparse to
moderately dense forests. Denser forest types were more prevalent in
Alaska Boreal Interior and Boreal Cordillera, as well as in the southern
portion of the Canadian study area. In western Alaska (Seward Penin-
sula), relatively dense but short forests were observed in our UAV
transects, located at the border of the Alaska Tundra and Boreal Interior
ecoregions (Fig. 1). In contrast, many transects along the northern forest
edge of our study region, especially those within the treeline ecotone,
were dominated by sparse forest cover, with a limited presence of high
canopy density. This distribution reflects a clear geographical gradient
in forest density across the region and reflects forest structural hetero-
geneity. For example, we observed lower heterogeneity closer to the
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treeline, where the 5-20% category predominates. In contrast, forests in
Seward Peninsula and southern sites showed greater heterogeneity, with
a dominating type but alongside a substantial representation of other
categories.

3.1.3. Essential HLS spectral information of UAV transects

We applied PC and TC transformations to identify the key spectral
information contained in the UAV-Lidar transects. The PCA of both peak
summer and late summer pixels showed that the first two PCs explain
more than 90% of the variance together (Appendix C1). Most of the
variability (68.3% variance peak summer, 72.5% late summer) was
captured by the first principal component in both seasons, suggesting a
strong underlying spectral gradient for all HLS features in the visible
wavelength range and for SWIR-2. NIR and NDVI are strongly aligned
with the second principal component (26.4% variance peak summer,
19% late summer) in both seasons.

Forest structure categories showed distinct clustering but with sub-
stantial overlap; the 80-100% >5m category (green) was the most
tightly clustered and distinct in both seasons. The spread of points was
larger in late summer than in peak summer, with more compact ellipses
and better separability. In peak summer, we observed one cluster of the
80-100% <5m category at the top of principal component 2 (Fig. 4,
yellow), suggesting high NIR and NDVI values. HLS VIS and SWIR
spectral features dominated the first principal component and separated
the majority of the forest structure categories, whereas the vegetation
productivity-related HLS NDVI and NIR spectral features dominated the
second principal component (Appendix C1); specifically, it separated the
lower from the higher trees in the densest forest category in late
summer.

Tasseled Cap analysis of Brightness (TCB), Greenness (TCG), and
Wetness (TCW) revealed clear patterns among forest categories,
particularly in peak summer, where the data were more tightly clustered
compared to late summer (Fig. 5). A strong positive correlation between
TCB and TCG was evident across all forest structure categories and both
seasons. In late summer, the overall range of TCB and TCG values was
reduced, suggesting a seasonal decline in vegetation vigor. Forest
structure categories with higher canopy cover (especially 80-100%)
consistently exhibited higher TCG and TCB values, while low-cover
classes (5-20%) tended to occupy the lower end of these gradients.

Across both seasons, TCW values were negative and generally lower
in late summer than in peak summer. A slight negative relationship
between TCW and TCG was observed, more pronounced in peak sum-
mer. Again, high-canopy cover forests displayed higher TCW and TCG,
while low-canopy cover classes consistently showed lower values,

Late Summer

Category
5-20%
20-50%
50-80% >5m
50-80% <5m
80-100% <5m
80-100% >5m

Blue Green Red NIR SWIR1 SWIR2

Spectral Band

Blue Green Red NIR SWIR1 SWIR2
Spectral Band

Fig. 2. HLS surface reflectance per forest category for peak summer (left) and late summer (right) interpolated across the visual (VIS), near infrared (NIR), and
shortwave infrared (SWIR) spectral features. The surface reflectance is computed as the mean of the median surface reflectance per HLS Landsat and Sentinel-2 of all
pixels in the category. In the categories, the percentage is the percentage of tree cover on that pixel, and ‘</>" are height sub-categories: above or below 5 m.
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Fig. 3. Distribution of the forest structure categories across sites. Each pie chart corresponds to the proportions of forest structural categories within an unpiloted
aerial vehicle (UAV) transect. The green line represents the Circum-Arctic Vegetation Map (CAVM) treeline (Raynolds et al., 2019), the border between the tundra
and the boreal forest. The exact location of the sites may have been slightly moved to reduce overlap with other pie charts.
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Fig. 4. Principal component 1 (PC1) versus 2 (PC2) for peak summer (left) and late summer (right). Each color code is a different forest structure category, with
corresponding ellipses.

reflecting differences in canopy structure and moisture retention. 3.2. Quantitative upscaling: Crown Cover and Canopy Height
3.2.1. Regression models

Using the ten HLS spectral features, VIS, NIR, SWIR, spectral bands,
NDVI, TC (Brightness, Greenness, Wetness), from our HLS forest
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Fig. 5. Tasseled Cap (TC) coefficients derived from the HLS spectral features for peak summer (left column) and late summer (right column) pixels. The top is TC
Brightness (TCB) vs. TC Greenness (TCG): (a) peak summer, (b) late summer, and the bottom row is TCG vs. TC Wetness (TCW): (c) peak summer, (d) late summer.
Each color code is a different forest structure category. TCB and TCW both separate well the majority of forest structure categories, whereas TCG, which is most

strongly linked to vital vegetation, does not.

structure dataset, we predicted Canopy Height and Crown Cover for
peak and late summer, in total, four optimized random forest-based
prediction models. Overall, the predictions worked well, with R?
ranging from 0.60 to 0.66, and RMSE of 18.05% (peak summer) and
18.76% (late summer) for the Crown Cover predictions and 2.12 m to
2.07 m, respectively, for the Canopy Height (Fig. 6). Peak summer and
late summer regressions showed similar results, with a slightly better-
performing algorithm for Canopy Height in late summer and for
Crown Cover in peak summer.

For the Canopy Height predictions, we observed a relatively good fit
between predicted and 30 m UAV-LiDAR-derived values (Fig. 6a and b).
However, large Canopy Height values (>10 m) tended to be under-
estimated while smaller Canopy Height values (1-5 m) tended to be
overestimated (Fig. 6a and b, Fig. 7a and c).

For the Crown Cover predictions, we also observed a relatively good
fit between predicted and measured values, but slightly worse than for
the Canopy Height (Fig. 6b and d). The Crown Cover prediction slightly
underestimated Crown Cover above 80%, and overestimated values
between 20% and 80%, with the maximum overestimation around 40%
crown cover for peak and late summer (Fig. 7b and d).

3.2.2. Key HLS spectral features

The important feature analysis suggested that across all four models
and seasons, all HLS-derived spectral features played a significant role in
predicting either Canopy Height or Crown Cover. Specifically, the TC

Wetness and NIR features were important for predicting Canopy Height
in both peak and late summer (Fig. 8 a&b). For Crown Cover, the
spectral feature importance was even more distinct, with the photo-
synthetic activity of vegetation index NDVI, Red, and TCW showing
relatively more importance than other features for peak summer (Fig. 8
c&d). TC Wetness shows a good separation between the forest structure
categories, specifically for peak summer (Fig. 5 a&b). Regarding the
Tasseled Cap variables, TC Wetness was the most important feature for
all models, while TC Brightness was the least important predictor.

3.3. Qualitative upscaling: forest-type sub-categories classification

3.3.1. Classification results

We classified forest structure categories to assess the potential of
upscaling for peak and late summer. Using the same ten spectral HLS
features (VIS, NIR, SWIR, NDVI, three TC variables), we classified the six
forest structure categories based on crown cover: 5-20%, 20-50%, 50-
80% below 5 m, 50-80% above 5 m, 80-100% below 5 m, and 80-100%
above 5 m.

We did not find significant differences between peak summer and
late summer accuracies (Table 2). Specifically, overall accuracies of 0.60
and 0.61 were reached for the late summer and peak summer classifi-
cations, respectively. The dense and tall tree category, 80-100% > 5m,
had the highest results in both peak and late summer, with precision,
recall, and F-1 scores ranging from 0.69 to 0.78. The lowest density
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Fig. 6. Predicted forest structure, Canopy Height (a,b) and Crown Cover (c, d) using the random forest-based models: (top) Canopy Height: (a) peak summer and (b)
late summer, and (bottom) Crown Cover: (c) peak summer and (d) late summer. The x-axes are the UAV-LiDAR-derived observed variable aggregated to 30 m
(Enguehard et al., 2025), and the y-axes the predicted values for the HLS spectral features. For Canopy Height regressions, the data points are colored with the Crown
Cover percentage, and conversely for the Crown Cover points. Associated Rz, root mean square error (RMSE), and mean absolute error (MAE) values are indicated on

top of each sub-plot. The red dashed line represents the 1:1 perfect match.

crown cover category (5-20%) also had high accuracies, with accuracies
varying between 0.67 and 0.69 for both seasons. Conversely, the forest
category with the lowest accuracy was 50-80% < 5 m, representing
higher crown cover but lower trees.

3.3.2. Confusion matrix and one-vs-rest ROC curve

The One-vs-Rest ROC curves and confusion matrices support these
findings (Fig. 9 b&d). The ROC curves showed that the 80-100% > 5m
class achieved the highest separability from other classes, with an area
under the curve (AUC) of 0.95 in both seasons. The forest structure class
with the lowest Crown Cover (5-20%) also had relatively high AUC
values (0.87-0.88), consistent with their strong classification metrics. In
contrast, the 50-80% < 5m and 20-50% forest structure classes over-
lapped more with other categories in the ROC space, indicating lower
discriminative power.

The confusion matrices further revealed that most misclassifications
occur between structurally similar classes (Fig. 9a and c). For instance,
samples from the 50-80% < 5m forest structure class were frequently
confused with the 50-80% > 5m forest structure class, suggesting dif-
ficulty in distinguishing tree height when Crown Cover is similar.
Similarly, moderate confusion was observed between the 5-20% and
20-50% forest structure classes. Overall, the matrices emphasized that
classification accuracy was highest for well-separated structural classes
(e.g., tall, dense canopies) and lower for intermediate or structurally
ambiguous forest structure categories.

The feature importance analysis results showed that all spectral HLS-

derived features play a significant role in predicting the classes, but that
TC Wetness has the most importance among all predictors. The NDVI
band was more important for late summer than peak summer, while the
Red bandwas more important for peak summer (Appendix D1).

3.4. Relationship between important features and predicted variables

We explored the relationship between the predicted variables Can-
opy Height and Crown Cover, with the HLS predicting features of Blue,
Green, Red, NIR, SWIR1, SWIR2, NDVI, TCB, TCG, and TCW. We
observed a positive relationship between NDVI and Canopy Height and
Crown Cover (Fig. 10), meaning that higher forest canopy and Crown
Cover tended to have higher NDVI values. Specifically, we see that peak
summer spectrally separated the forest categories better than late sum-
mer, where the data are sparser. Similarly, TCW showed a positive
relationship with both predicted variables (Fig. 11), as well as the NIR
feature in both peak and late summer (Appendix E3) and for the green
feature in late summer (Appendix E5). Conversely, negative trends were
observed for SWIR1, SWIR2, Red, TCB, and Blue for both peak and late
summer, and Green in peak summer. (Appendix E1-8). SWIR, VIS, and
NDVI HLS features showed a stronger relationship with Canopy Height
than NIR.
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Fig. 7. Density distribution of UAV-LiDAR-derived 30 m aggregated variables (yellow) and predicted values of HLS spectral features (blue) for each random forest-
based prediction model: (1) Canopy Height: (a) peak summer and (c) late summer, and (2) Crown Cover: (b) peak summer and (d) late summer.

3.5. Assessment of upscaled forest structure

3.5.1. Comparison with NASA ABoVE tree canopy cover

We compared the Crown Cover percentage from our HLS forest
structure dataset (Enguehard et al., 2025) with the ABoVE TCC (Feng
et al., 2022). We found a moderate positive relationship between the
two datasets, with a Pearson coefficient of 0.49 and an RMSE of 26.51
(Appendix F1). Specifically, the ABoVE TCC Crown Cover tended to be
higher than the HLS forest structure data between our 30 m 35-80%
UAV-LiDAR observed Crown Cover, and lower outside of this range,
specifically showing underestimation in the dense crown cover category
higher than 80% (Fig. 12 & Appendix F1). The high RMSE indicated
significant variation in the datasets.

3.5.2. Geographical comparisons of forest structure predictions

The median bias per site across our study region (Fig. 13) showed
that the ABoVE TCC overestimates Crown Cover in the treeline ecotone
in the more mountainous regions of Interior Alaska and in the moun-
tainous northwestern forests extending from Alaska south through
southern Yukon, interior British Columbia, and the Alberta foothills in
NW Canada. ABoVE TCC Crown Cover seemed to be underestimated in
the Taiga Cordillera in NW Canada, the Seward Peninsula, and Marine
West Coast forest in Western Alaska. Interior Alaska showed both under-
and over-estimated sites. Fig. 14 shows the median bias per site between
our HLS-predicted and the 30 m UAV-LiDAR observed Crown Cover.
Compared to the bias comparison of ABoVE TCC, we observed that there

10

is much less overestimation at the northern treeline.
4. Discussion

Leveraging UAV-LiDAR data from 89 surveyed sites across the
western North American Boreal Forest at its Northern Edge, we inves-
tigated the potential for upscaling key forest structural attributes, Can-
opy Height and Crown Cover, using Harmonized Landsat and Sentinel-2
multispectral imagery from peak and late summer seasonal temporal
windows. We characterized the relationship of UAV-LiDAR transect-
derived forest structure with HLS spectral features spanning all HLS VIS,
NIR, and SWIR bands, the first three Principal Components, and Tasseled
Cap indices, and assessed the relationship of the existing ABoVE Tree
Canopy Cover (TCC) product to the UAV-LiDAR-derived crown cover at
the sites of our transects. Our results demonstrate reasonable relation-
ships between forest structural information derived from UAV-LiDAR
and spectral information derived from 30-m resolution multispectral
satellite data, highlighting the considerable potential for upscaling
Canopy Height and Crown Cover to Landsat and Sentinel-2 satellite
scales.

4.1. HLS forest structure key spectral characteristics

Boreal forests typically feature less dense and shorter overstory trees
and therefore, a higher abundance of the lower layer of shrub-
dominated understory. Specifically, in open-canopy areas, this
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Fig. 8. Importance of each of the seven spectral features in the four models: (1) Canopy Height: (a) peak summer and (c) late summer, and (2) Crown Cover: (b) peak

summer and (d) late summer.

Table 2

Classification performance of the random forest-based prediction models for the
six forest structure categories for peak and late summer, showing precision,
recall, F1-score, and overall accuracy.

Label Late Summer classification Peak Summer classification
Precision  Recall  F1- Precision  Recall  F1-

score score
20-50% 0.68 0.73 0.71 0.69 0.74 0.71
50-80% < 5 0.58 0.53 0.55 0.58 0.54 0.56
50-80% > 5 0.62 0.57 0.59 0.62 0.58 0.60
5-20% 0.78 0.75 0.77 0.79 0.75 0.77
80-100% <5  0.65 0.60 0.63 0.65 0.60 0.62
80-100% > 5 0.81 0.85 0.83 0.81 0.84 0.83
accuracy 0.706 0.709
macro avg 0.69 0.67 0.68 0.69 0.68 0.68
weighted 0.70 0.71 0.70 0.71 0.71 0.71

avg

understory can significantly contribute to multispectral reflectance
(Pisek et al., 2021). Since we defined a horizontal threshold of 5 %
minimum Crown Cover above 1 m height in our HLS dataset, we are
reducing spectral contributions from surface elements such as leaf litter,
moss, lichen, rock, and soil, as described as forest background contrib-
utors in (Pisek and Chen, 2009; Roberts et al., 2004). However, a high
shrub understory is likely to contribute meaningfully to the spectral
signal in our dataset.

The characteristics derived from HLS spectral features, including the
spectral VIS, NIR, SWIR HLS bands and their PC and TC transformations,
capture clear structural and seasonal patterns across the UAV-surveyed
sites. Forests with high Crown Cover (especially 80-100%) consistently
show higher TC Greenness, Brightness, and Wetness values in line with

LaRue et al. (2018), reflecting greater biomass and photosynthetic ac-
tivity from the dominating evergreen needle-leaf trees. NDVI also in-
creases with both Canopy Height and Crown Cover, consistent with
higher NIR surface reflectance and higher red absorption, and by this,
low red surface reflectance due to enhanced pigment absorption in
denser, greener canopies. However, the lowest density class (5-20%)
shows high NIR surface reflectance in peak summer and even in late
summer, also with a wide NDVI range that is more indicative of quite
high vegetation biomass and vitality. In contrast, even the medium
density class (50-80 %) with high trees (>5 m) is characterized by lower
NIR surface reflectance.

Peak summer shows improved separability of forest structure classes
and stronger vegetation signals than late summer. A slight negative
relationship between TC Wetness and Greenness, particularly in peak
summer, further reflects the interaction between vegetation cover and
moisture retention. Additionally, the observed decrease in SWIR surface
reflectance with increasing Canopy Height and Crown Cover aligns with
their sensitivity to water absorption and lignin-cellulose content, traits
more prominent in sparsely vegetated or drier areas (Stenberg et al.,
2008). Together, these trends confirm that our merged UAV-LiDAR and
HLS dataset captures ecologically meaningful gradients in forest struc-
ture and condition of the northern edge of the boreal forest, with HLS
spectral metrics strongly linked to both canopy characteristics and
seasonal dynamics.

4.2. HLS-based canopy height and crown cover predictions

Our results demonstrate that both forest structure variables—Canopy
Height and Crown Cover— derived from high spatial-resolution UAV-
LiDAR, can be predicted using 30-m pixel resolution HLS satellite-
derived multispectral data. Here, we obtained model accuracies
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Fig. 9. Confusion matrix and One-vs-Rest rate of change (ROC) curves for peak and late summer: (top) peak summer (a) confusion matrix, (b) ROC diagram; and

(bottom) late summer (c) confusion matrix and (d) ROC diagram.

ranging from 0.60 to 0.66 (R?), showing similar to higher performance
than previous studies focusing on forest-related variables. More general
land cover classifications always yield higher accuracies; for example,
the ESA Climate Change Initiative Land Cover (ESA, 2017) and the
Copernicus Global Land Cover 100 m (Buchhorn et al., 2020a, 2020b)
reach overall accuracies of up to 90%. However, they separate spectrally
distinct classes (such as surface water, barren, grassland, forest, etc.).
For forest-related variables, Potapov et al. (2021) predicted global forest
height with GEDI and Landsat data and achieved an R? of 0.61 when
validated against airborne LiDAR, but did not provide assessments in the
boreal zone. Similarly, Matasci et al. (2018) upscaled lidar plots across
Canada for key structural variables such as stand height, stem volume,
and canopy cover. The authors validated their prediction on more than
20,000 lidar plots and reached R? values ranging from 0.49 to 0.61.
Despite their relatively lower accuracies, those studies were recognized
as robust large-scale applications.

While our work and dataset highlight the potential of UAV-LiDAR
combined with HLS data for large-scale forest structure mapping at
the northern boreal forest edge, we also demonstrate the forest type-
driven inherent challenges to future users of our dataset. As we
showed in the exploration of the HLS spectral features, the most abun-
dant forest class, characterized by low tree heights (<5 m) and low
crown cover, contains mixed spectral pixels with a high contribution of
vegetation greenness from the green understory, which spans the full
value range of HLS spectral features. On the other hand, the low-
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productivity northern boreal forests exhibit a very narrow height dis-
tribution, with a high frequency of trees below 5 m. This imposes a data-
driven limitation on quantifying canopy height. In contrast, mean can-
opy heights in forests studied by Fakhri et al. (2025), Lang et al. (2019),
and Li et al. (2020) ranged from 10 to 15 m up to 30-40 m and 50-70 m
in Gabon mangrove and tropical forests. Even in the boreal forest study
in Finland (Astola et al., 2019), the forest was still of the productive type
with 13-15 m canopy height. Thus, our forest type-driven limitations
stand in contrast to other forest structure retrievals in more productive
forest types and will similarly challenge the quantification of structural
attributes using advanced methods, such as linear optimization devel-
oped by Fakhri et al. (2025) or deep learning approaches in Lang et al.
(2019) and Li et al. (2020).

In their study, Li et al. (2020) described that both random forests and
deep learning models performed well, but the retrieval performance of
canopy height was more strongly linked to the satellite sensors, with
Sentinel-1 SAR showing the highest performance, followed by
Sentinel-2, due to its higher spatial resolution and red-edge bands
compared with Landsat-8. Similarly, in performance assessments by
Astola et al. (2019) for Sentinel-2 and Landsat-8, Sentinel-2 out-
performed Landsat-8 for forest structure retrievals due to the red-edge
bands and finer pixel resolution. In our study, we did not undertake
Sentinel-2 versus Landsat-8 comparisons, as HLS-Sentinel-2 has a
slightly coarser spatial resolution of 30 m per pixel, linked to the native
Landsat resolution, rather than the native Sentinel-2 10 m and 20 m
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Fig. 10. Relationship between Canopy Height (top) and Crown Cover (bottom) with normalized difference vegetation index (NDVI) for peak summer (a-c) and late
summer (b-c). For enhanced understandability, Canopy Height points are colored with the forest structure categories, and the Crown Cover points with the Canopy
Height values. The Pearson correlation coefficients (r) were computed: (a) r = 0.251; (b) r = 0.113; (¢) r = 0.444; (d) r = 0.251.

pixel lengths. HLS data, however, will allow users to process long time
series of forest structure historically, once suitable algorithms are
developed.

The next steps to derive forest structure for low-productivity forest
types at the northern forest edge from our HLS dataset would be to
develop models and implement larger-scale HLS data processing, similar
to the large-scale Landsat processing described in Masek et al. (2021),
Hermosilla et al. (2016, 2017, 2018, 2022), and Berner and Goetz
(2022), at least covering our study regions. Fakhri et al. (2019, 2022,
2025) also demonstrated that model performance improves when
locally or regionally optimized spectral indices are developed, specif-
ically for semi-arid forest types. However, as discussed in Montesano
et al. (2016), high uncertainties remain at the pixel level, and low tree
cover is a defining attribute of the northern forest biome. Montesano
et al. (2016) show in their assessment of global 30 m Landsat canopy
cover (Sexton et al., 2013) (the basis for the northern boreal forest
optimized ABoVE TCC (Feng et al., 2022)) that the performance
compared with airborne LiDAR reference data had an uncertainty of
around 25% crown cover, with a bias toward lower crown coverage.
After calibrating ABoVE TCC with boreal reference data, uncertainty
was reduced to 16.4% crown cover, a level comparable to the uncer-
tainty obtained in our study.

The slightly higher predictive accuracy for Canopy Height in our
study may stem from its strong relationship with continuous vegetation
gradients — such as biomass, leaf area, and vertical structure — which are
effectively characterized by NIR and visible spectral HLS bands. These
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spectral features are particularly sensitive to vegetation density and the
organization of branches, needles, and leaves, resulting in different
shadow contributions and brightness. Furthermore, internal leaf struc-
ture and water content strongly influence the TCW, NIR, and SWIR
signals, all of which are correlated with canopy height. Specifically, the
Tasseled Cap Wetness was a significant predictor of forest structure. At
our sites, canopy height appears to be less correlated with brightness and
more strongly associated with greenness and wetness. In general, other
studies also highlight the complexities of correlating spectral response
with canopy height (e.g., Shimizu et al., 2020), specifically at low can-
opy heights (Fakhri et al., 2025).

In contrast, Crown Cover, a more discrete and binary structural
measure, primarily reflects the presence or absence of vegetation in a
“horizontal” sense (see definitions in Li et al., 2023). This makes the
main spectral signal more closely tied to NDVI and the red wavelength
region, which are sensitive to surface greenness and chlorophyll content.
NDVI effectively captures horizontal vegetation extent but seems rela-
tively insensitive to vertical variation in canopy structure.

Although peak summer shows greater separability of forest classes in
the PCA, we find no significant differences in model performance be-
tween the peak and late summer datasets. This likely reflects limited
phenological variation in the western North American Boreal Forest
during these periods, especially in evergreen-dominated systems where
spectral signals remain relatively stable across the summer (Berra and
Gaulton, 2021). These findings suggest that peak summer data alone are
sufficient for accurate structural predictions, though incorporating both
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Pearson correlation coefficients (r) were computed: (a) r = 0.462; (b) r = 0.313; (c

phenological time windows could potentially improve generalizability
and robustness.

4.3. HLS-based forest structural category classification

In their spectral and structural analysis of forests, Roberts et al.
(2004) noted that while green foliage typically dominates the reflec-
tance signal from forest pixels, variations in forest structure can signif-
icantly influence reflectance patterns, as also emphasized by Asner
(1998). As such, the spectral components captured in our HLS forest
structure dataset include contributions from non-photosynthetic vege-
tation (e.g., bark and branches), green vegetation, and variations arising
from the bidirectional reflectance distribution function (Nicodemus,
1965), including shadow effects— all of which reflect the diverse struc-
tures represented in our dataset. To account for this complexity, it was
necessary to define forest structure categories incorporating both Can-
opy Height and Crown Cover.

We classified forest structural categories from HLS spectral features
using two Random Forest classifiers trained on our HLS Forest Structure
dataset (Enguehard et al., 2025) for peak and late summer. Here again,
we find no significant differences in the model performances between
the peak and late summer datasets. Classification accuracy of the forest
structure categories does not follow a clear gradient from sparse to dense
cover. Instead, results are mixed: medium-to-high density classes
(50-80% cover) are the most difficult to distinguish, often being
confused with each other due to similar spectral characteristics. In
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) r = 0.545; (d) r = 0.288.

contrast, the highest classification accuracy is observed in dense-canopy
forest structure classes, which correspond to areas with the highest NIR
reflectance values, most strongly expressed in the second principal
component, TCG, and also TCW. At the northern forest edge, the lowest
density class (20-50% cover) also has higher accuracy, however,
showing high NIR and green reflectance even in late summer. This likely
reflects the contribution of broadleaf shrubs, which are common in
boreal ecosystems and can maintain high greenness despite low canopy
closure. For example, some shrubby forest sites on the Seward Peninsula
in Alaska retain notable greenness in late summer, in contrast to the
overall decline in vegetation vitality observed across most other sites.
Overall, our results demonstrate that the HLS forest structure dataset can
reliably be used to investigate predictions of forest structural categories,
particularly in areas with closed-canopy stands, but also in sparse forests
at the northern forest edge. Medium-density stands remain more chal-
lenging to classify due to spectral overlap, but still achieve moderate
performance with a precision of 0.58-0.62.

4.4. ABOVE tree canopy cover assessment

Montesano et al. (2016) optimized the estimation of Landsat TCC in
sparse forests using a low Canopy Height threshold of 2 m derived from
airborne LiDAR. In a similar approach, we used a 1 m Canopy Height
threshold based on UAV-LiDAR to produce our Crown Cover layer.
Montesano et al. (2016) emphasized the importance of including lower
vegetation structure, particularly in the treeline ecotones, where the
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definition of ‘tree” becomes ambiguous and should not rely on the
commonly applied global threshold of 5 m (Sexton et al., 2015).

The comparison between ABoVE TCC estimates (Feng et al., 2022)
and our 30 m UAV-LiDAR-derived Crown Cover highlights key areas for
the ABoVE TCC good performance at most of the denser forest sites, but
also regions with larger positive and negative deviations. The observed
bias, particularly the ABoVE TCC overestimation of tree canopy cover at
the northern forest edge, suggests some limitations in the ABoVE TCC
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product's ability to capture the challenging spatial variability and sparse
tree cover with abundant green understory in these transition zones.
Montesano et al. (2016) already noted that global Landsat- and
MODIS-derived Crown Cover product estimates suffer from confusion
between dense understory vegetation and sparse tree cover. They
already considerably reduced this error in their circum-boreal Landsat
TCC, which serves as the foundation for the ABoVE TCC. The majority of
the overestimation at the northern and elevational treeline seems to stay
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in the range up to 25 % Crown Cover compared to our Crown Cover
above a 1 m reference. On the contrary, ABoVE TCC shows underesti-
mation at most dense forest sites. Montesano et al. (2016) already
removed some of the systematic Landsat inherent TCC underestimation
above 80% cover (Montesano et al., 2009; Sexton et al., 2013),
considerably improving circumboreal Landsat TCC, and successively the
ABOVE TCC (Feng et al., 2022). We see that ABoVE TCC underestimation
is less pronounced for the densest forest category with trees above 5 m
height compared to the dense forest category with a tree layer below 5
m.

Although the ABoVE dataset represents tree canopy cover from the
year 2020 (up to four years before our data acquisition), we checked and
ruled out disturbances such as wildfire and permafrost thaw at our sites
and consider temporal changes in forest structure to be minimal over
such a short period. Our findings demonstrate the value of UAV-LiDAR
data for improving the accuracy of tree cover mapping and suggest
strong potential for its use in training or validating remote sensing al-
gorithms in boreal forests, especially in the northern edge of the boreal
forest.

4.5. Perspectives

While our study is based on a limited set of 89 UAV-LiDAR sites,
careful site selection ensured representation across key gradients of
forest structure and canopy cover at the northern edge of the western
North American boreal forest, representing Northern low productivity
and unmanaged forests. This spatial diversity helps mitigate concerns
about sample size by capturing structural variability relevant to
regional-scale modeling.

The use of Harmonized Landsat and Sentinel-2 (HLS) data allows
applications at high latitudes by significantly increasing the number of
cloud-free observations during the summer season. This is particularly
advantageous compared to using data from the Landsat or Sentinel-2
mission alone, which often suffers from limited useable imagery due
to persistent cloud cover or wildfire smoke in the summer. However, the
trade-off is a reduced spatial resolution (30 m in HLS compared to
10-20 m in Sentinel-2), which may limit the detection of fine-scale
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structural variation important for localized mapping or small-area an-
alyses. In our study, we explore the relationships between 30 m x 30 m
forest structure, i.e., canopy height and cover of the low productivity
forests of the Northern Forest edge.

Our results align with the aspirational products identified by
Radeloff et al. (2024), namely, forest types and habitat heterogeneity.
While we did not generate wall-to-wall satellite products, we demon-
strate the potential of upscaling UAV-LiDAR-derived forest types and
structure to medium-resolution multispectral satellite data, such as
Landsat and Sentinel-2, also for low-structure forest types of the
Northern Forest edge. The observed distribution of forest categories
across sites enables users to investigate habitat heterogeneity. These
results can serve to determine key biodiversity patterns and conserva-
tion (Stein et al., 2014; Tuanmu and Jetz, 2015). Our study underscores
the value of UAV-LiDAR as a critical link between fine-scale field in-
ventories and coarser-resolution large-scale airborne campaigns such as
NASA's ABoVE airborne LiDAR program (Miller et al., 2019; Montesano
et al., 2023). By integrating these complementary datasets, UAV-LiDAR
and HLS data, we can help bridge spatial gaps to forest stand level scales
(e.g., Rautiainen and Heiskanen, 2013) and develop robust, transferable
models to support large area boreal forest monitoring.

We provide an openly available training dataset (Enguehard et al.,
2025) specifically designed for boreal forest structure at the northern
treeline. This HLS forest structure dataset includes UAV-LiDAR-derived
Canopy Height and Crown Cover measurements, spatially aggregated to
match the 30 m resolution of HLS and Landsat data, ensuring alignment
between structural reference data and satellite observations. This con-
sistency enhances the utility of the dataset for training machine learning
models and benchmarking satellite-based land cover and structure
products, providing a much-needed reference in a region where
ground-truth data remains scarce.

5. Conclusions

This study demonstrates the potential of integrating UAV-LiDAR-
derived forest structure metrics with Harmonized Landsat and
Sentinel-2 (HLS) multispectral imagery to upscale Canopy Height and



L. Enguehard et al.

Crown Cover across the northern edge of the western North American
boreal forest. By leveraging high-resolution UAV-LiDAR sites, we show
that HLS spectral information is predictive of structural forest attributes.
Specifically, we found that dense and sparse forests reach the highest
accuracy, notably near the treeline.

In our study, we also highlight the forest type-driven limitations and
challenges. Forest classes characterized by low tree heights (<5 m) and,
consequently, low crown cover contain mixed spectral pixels, with a
high contribution of vegetation greenness from the green understory
that spans the full value range of HLS spectral features. In contrast, low-
productivity northern boreal forests exhibit a very narrow height dis-
tribution, with the highest abundance of trees below 5 m. This poses a
data-driven limitation for accurately quantifying canopy height. Forest
structure variables and categories are most reliably predicted in denser
forests within our study area. We note that the high proportion of green
understory background reduces the sensitivity of HLS spectral features
to canopy height, crown cover, and forest structure categories compared
to productive forests (tropical, subtropical, temperate, and southern
boreal forests).

Our work brings new insights into boreal forests structure at their
northern edge, their relationships with Harmonized products like HLS,
and potential to be upscaled. By providing an openly available
HLS-LiDAR reference dataset and demonstrating scalable modeling
approaches, our study contributes a valuable resource for forest struc-
ture mapping in data-sparse high-latitude ecosystems. Specifically, we
fill a gap for the data-sparse non-managed low-productivity forests at
the northern forest edge, covering large regions in North-West America.
This work supports the broader integration of UAV-LiDAR in remote
sensing workflows and highlights its relevance for refining forest
monitoring and carbon accounting in boreal regions, especially at eco-
tones where accurate structural characterization remains a key
challenge.
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