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Abstract: NASA’s Ice, Cloud, and land Elevation Satellite-2 (ICESat-2) provides exceptional op-
portunities for characterizing the structure of ecosystems through the acquisition of along-track,
three-dimensional observations. Focusing on canopy cover as a fundamental parameter for assessing
forest conditions, the overall goal of this study was to establish a framework for generating a gridded
30 m canopy cover product with ICESat-2. Specifically, our objectives were to (1) Determine and
compare ICESat-2-derived canopy cover with airborne lidar-derived and the 2016 National Land
Cover Database (NLCD) cover product estimates, and (2) Evaluate a methodology for wall-to-wall
mapping of canopy cover. Using two Southern US sites, the Sam Houston National Forest (SHNF) in
south-east Texas and the Solon Dixon Forestry Education Center (SDFEC) in southern Alabama, four
measures of canopy cover estimated with ICESat-2′s Land-Vegetation Along-Track Product, or ATL08,
were evaluated at the 30 m pixel scale. Comparisons were made using spatially coinciding NLCD
pixels and airborne lidar-derived reference canopy cover. A suite of Landsat and Landsat-derived
parameters were then used as predictors to model and map each measure of canopy cover with
Random Forests (RF), and their accuracies were assessed and compared. Correlations (r) between
ICESat-2-derived and airborne lidar canopy cover at the pixel scale ranged from 0.57 to 0.78, and R2

up to 0.81 was produced between NLCD and ICESat-2-derived canopy cover. RF models developed
for extrapolating ICESat-2-derived canopy cover estimate yielded R2 values between 0.50 and 0.61
(RMSEs between 16% and 20%) when evaluated with airborne lidar-derived canopy cover. With
a demonstrated capability of ICESat-2 to estimate vegetation biophysical parameters, the findings
serve to support the spatially comprehensive mapping of other vegetation attributes, especially
forest aboveground biomass, and contribute to the development of an up-to-date gridded canopy
cover product.

Keywords: ICESat-2; ATL08; canopy cover

1. Introduction

Canopy cover is a fundamental vegetation structural parameter that is used to support
a range of vegetation applications, including habitat mapping [1], assessing forest health [2],
degradation [3], and estimating aboveground biomass [4]. Spatially explicit estimates of
canopy cover have been achieved through approaches that integrate remotely sensed data,
particularly spectral information from satellite imagery, aerial imagery e.g., [5], and/or
structural properties from airborne lidar data e.g., [6–8]. To exemplify: as an important
source of canopy cover nationally, the National Land Cover Database (NLCD) US Forest
Service tree canopy cover product provides estimates for every 30 m pixel, based on
Landsat imagery and imagery-derived products, ancillary and ground reference data [5].
The NLCD 2016 Tree Canopy Cover is the most recent version of the data product, with
an earlier version generated for 2011, and a tree canopy change product between 2011
and 2016. Although the generation of accurate structural estimates, including canopy
cover by airborne lidar, is well-established, upscaling to broader extents may be limited [9].
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One approach to achieving broad-scale coverage from structural measurements is the
integration of space-based lidar data. More recently, Tang, et al. [10] demonstrated the
application of space-based lidar data from the Ice, Cloud, and land Elevation Satellite
(ICESat) to develop a global-scale canopy cover product. In this study, the ability to derive
cover products based on lidar measurements from a space-based platform, versus optical
data, was highlighted.

The capability of a spaceborne lidar system to contribute to the estimation of biophysi-
cal forest parameters was proven with ICESat, which operated from 2003 to 2009. Apart
from canopy cover e.g., [10], vegetation studies with these Earth Observation (EO) data
demonstrate the ability to accurately estimate a range of vegetation attributes, including
canopy height [11,12], forest aboveground biomass (AGB) [13], and timber volume [14].
With the launch of its follow-on mission in 2018, which features improved spatial resolu-
tions and coverage, NASA’s Ice, Cloud, and land Elevation Satellite-2 (ICESat-2) offers an
exceptional opportunity to obtain up-to-date vegetation information. ICESat-2 has been
acquiring data with its Advanced Topographic Laser Altimeter System (ATLAS) since
2018. ATLAS operates at a 532 nm wavelength and generates three pairs of beams on
the Earth’s surface. Each pair consists of a strong and weak beam [15], and the results
with the former highlight greater utility for vegetation studies [16], although the useability
of the weak beam data for estimating canopy heights has been indicated [17]. Among
ICESat-2′s data products is its Land-Vegetation Along-Track Product, or ATL08. For ATL08
generation, algorithms are applied to isolate the signal from noise returns (photons) and
ultimately report canopy and terrain estimates, as described in Neuenschwander and
Pitts [18]. As the mission’s dedicated vegetation product, ATL08 provides terrain and
canopy parameters at fixed along-track 100 m segments, including height percentiles, pho-
ton counts (terrain, canopy, and top-of-canopy photons), and acquisition information such
as daytime/nighttime flags [18].

Canopy parameters reported in ICESat-2′s ATL08 data product already demonstrate
utility in characterizing vegetation attributes, such as canopy height [19–22], AGB [4,19],
and leaf area index [23]. While ATL08 data are provided along tracks, synergistic ap-
proaches with other EO data have been highlighted for achieving full-coverage products.
For instance, Nandy et al. [19] generated wall-to-wall maps of forest canopy heights and
aboveground biomass with ATL08, through the integration of spatially comprehensive
predictors from Sentinel-1 and Sentinel-2 using Random Forest. ATL08′s canopy height
(h_canopy or 98th percentile height) was extrapolated with spectral, textural, and backscat-
ter variables from Sentinel-1. Similarly, several studies highlight the application of multi-
source satellite data with ICESat-2 to map forest canopy height [22,24,25], but the literature
on developing other gridded vegetation products is still limited. Moreover, at the time
of this writing, a gridded canopy cover product with ICESat-2 has not yet been reported.
Given the importance of canopy cover, ATL08′s capability to estimate vegetation attributes,
and the availability of other canopy parameters, there is a need to better understand the
contribution of ICESat-2 towards a new gridded canopy cover product. Additionally, a
gridded ICESat-2 land/canopy product, or ATL18, consisting of gridded canopy height
and canopy cover [26] is anticipated, so such an understanding will inform ongoing efforts
for product generation.

The goal of this work was to establish a framework for generating a gridded 30 m
product with ICESat-2′s vegetation product data, ATL08. With a focus on Southern US
vegetation conditions, specific objectives were to (1) Determine and compare ICESat-2-
derived canopy cover with airborne lidar-derived and the 2016 National Land Cover
Database (NLCD) cover product estimates, and (2) Evaluate a methodology for wall-to-wall
mapping of canopy cover. Our earlier work with ICESat-2 over similar study sites [4]
highlighted promising findings from the synergistic use with Landsat and the contribution
of the 2016 NLCD canopy product for mapping AGB. The results found that the 2016 NLCD
canopy cover product was the most important predictor of ICESat-2-derived AGB [4].
Additionally, our follow-up studies over Southern US sites suggest the applicability of
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available ATL08 parameters for deriving canopy cover [27]. Acknowledging the synergistic
capabilities with Landsat and NLCD products, findings from this work are intended to
contribute to a framework for producing updated canopy cover information using ICESat-2.
Given the significance of canopy cover for modeling key forest parameters, like AGB,
a defined methodology for mapping canopy cover will offer opportunities for further
leveraging ICESat-2 for ecosystem studies.

2. Materials and Methods

To determine a framework for generating a gridded canopy cover product with
ICESat-2, methods (Figure 1) involved an investigation of four ICESat-2-derived canopy
cover metrics at a 30 m pixel scale. Estimates from each ICESat-2 metric were compared
with two sources of canopy cover information: (1) NLCD canopy cover product, and
(2) airborne lidar-derived canopy cover. A methodology for upscaling was then examined
for each ICESat-2 cover metric by leveraging Landsat and Landsat-derived predictors using
RF modeling. The workflow of methods is presented in Figure 1; a list of data used is
provided in Table 1 and a detailed description of methods is given in the following sections,
Sections 2.1–2.6
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Table 1. Data used to determine a framework for producing a 30 m canopy cover product
with ICESat-2.

Dataset Parameter Description References

ATL08 Canopy and
terrain parameters

Generated from ICESat-2′s geolocated photon data
acquired by the ATLAS instrument. Canopy cover

was computed from ATL08 parameters [27].
[18]

NLCD Land cover and canopy cover

Spatially consistent information generated across
the conterminous US by a group of US federal

agencies, called the Multi-Resolution Land
Characteristics Consortium. The most recent 30 m

NLCD products were used in this study.

[28]
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Table 1. Cont.

Dataset Parameter Description References

USGS 3D
Elevation Program Airborne lidar canopy cover

The goal of 3DEP is to a nationwide coverage of
high-resolution elevation data. Reference canopy
cover was computed using discrete return point

clouds from 3DEP.

[29]

Landsat
Reflectance bands and
Normalized Difference

Vegetation Index

A gap-free Landsat 30 m reflectance product for six
(6) Landsat spectral bands and NDVI derived from
the red and near-infrared reflectance bands were

used as mapped predictors.

[30]

2.1. Study Areas

Data over two Southern US study sites, the Sam Houston National Forest (SHNF)
(30◦42′N, 95◦21′W) located in southeast Texas, and the Solon Dixon Forestry Education
Center (SDFEC) in southern Alabama (31◦11′N, 86◦41′W), were examined for this study
(Figure 2). The SHNF area exhibits vegetation conditions that are typical for the south-
eastern United States, consisting primarily of longleaf pine (Pinus palustris) stands, stands
of loblolly pine (Pinus taeda), slash pine (Pinus elliottii), bottomland hardwoods, mixed
hardwoods, and pine hardwoods. This site was used for an initial AGB mapping study
with ICESat-2 [4], and for pre-launch AGB and canopy cover investigations with simulated
ICESat-2 data [31]. Notably, both study sites were also used for evaluating potential mea-
sures of canopy cover with ATL08 at the segment scale, given available canopy parameters
and photon counts.
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sample of ATL08 segments over SDFEC. Data are overlaid on 1 m National Agriculture Imagery
Program (NAIP) imagery.
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2.2. NLCD Tree Canopy Cover

The 2016 version of NLCD’s tree canopy cover, generated by the US Forest Service,
is the most recent product for the conterminous US, following the initial 2011 version.
Predictors extracted from Landsat imagery and topographical parameters were used to
estimate tree canopy cover based on photo-interpretation of high-resolution imagery with
Random Forest (RF) [32]. Estimates represent the percentage of tree canopy cover for each
30 m pixel across all landcover types. For this study, NLCD tree canopy pixels spatially
coincident with ICESat-2 locations (ATLO8) within the study sites were selected.

2.3. Airborne Lidar-Derived Canopy Cover

The goal of US Geological Survey’s 3D Elevation program (3DEP) is to provide a
nationwide baseline of high-resolution elevation data, offering free and open access to
these datasets. Acquisition dates vary (2015–2021), and to facilitate temporal consistency
with ICESat-2, airborne lidar data acquired in 2018–2019 were used to derive reference
canopy cover estimates. Airborne lidar data with quality level QL2, which translates to
a vertical accuracy of 10 cm and point density of 2 points/m2, were used. Point clouds
were height normalized and clipped based on the selected NLCD pixels. Canopy cover
was computed and reported as the percentage of returns above 2 m (>2 m) for each 30 m
NLCD pixel [31]. The height threshold for computing reference canopy cover was selected
based on minimum heights typically considered for forest vegetation [31,33,34].

2.4. ICESat-2 Data and Derived Canopy Cover

ICESat-2 ATL08 data were downloaded from the National Snow and Ice Data Center
(NSIDC). Given our earlier findings for estimating AGB with ICESat-2 over SHNF [4] and
ATL08 studies e.g., [35], only night acquisitions (versus day time) for strong beams from
study areas were obtained. As a result, the ATL08 granules examined for this study were
ATL08_20181203072948_10030106_005_01, ATL08_20191130013553_09800502_005_01, and
ATL08_20200417070012_03320706_005_01. While canopy cover is not currently computed
from the ATL08 product (versions 1–5), our earlier study highlighted potential for extracting
this attribute at the ATL08 scale (100 m segments) [27]. In that study, approaches for
estimating canopy cover involved ATL08 land and canopy parameters, specifically photon
counts for canopy, top-of-canopy, and terrain. Among several canopy cover formulas
developed with ATL08 segments [27], three canopy cover formulas from ATL08 data that
exhibited the strongest correlations with airborne lidar estimates at the segment level were
used in this study. For each ATL08 segment, estimates of canopy cover computed using
Equations (1)–(3) below were applied to the corresponding 30 m pixel based on segment
geolocation information:

1. Percentage of canopy and top-of-canopy photons of total canopy, top-of-canopy, and
ground photons:

(n_ca_photons + n_toc_photons)
(n_ca_photons + n_toc_photons + n_te_photons)

× 100 (1)

2. Percentage of canopy of the number of canopy and ground photons:

n_ca_photons
(n_ca_photons + n_te_photons)

× 100 (2)

3. Percentage of top-of-canopy photons of the number of top-of-canopy and ground photons:

n_toc_photons
(n_toc_photons + n_te_photons)

× 100% (3)

ATL08 canopy metrics, spatially coincident NLCD cover estimates, and airborne lidar-
derived canopy cover were combined for analyses. As a fourth approach to deriving
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canopy cover, the three canopy cover metrics were considered as predictors for estimating
pixel-scale canopy cover, using linear regression. The key benefit of this approach is
the simplicity in implementation and interpretation, with the goal of improving pixel-
level canopy cover before extrapolation procedures. Models were developed for each
study, where the Akaike Information Criterion (AIC), root mean square error (RMSE), and
Mallow’s Cp were used as model selection criteria. The RMSE, AIC, and Mallow’s Cp
metrics are model selection techniques often used in regression models for estimating forest
attributes with lidar data [36–38]. Multicollinearity was also addressed using variance
inflation factors (VIFs), where values over 10 indicated presence of multicollinearity [39,40].

2.5. Wall-to-Wall Predictors

Multispectral images were derived from a gap-free Landsat 30 m reflectance product
developed by Moreno-Martinez et al. [30]. The data are generated as monthly 30 m
observations, with images from Landsat satellites (Landsat 5, 7, and 8) and MODIS, using
a novel fusion algorithm, HIghly Scalable Temporal Adaptive Reflectance Fusion Model
(HISTARFM). Validation of the gap-free monthly surface reflectance products by Moreno-
Martinez et al. [30] demonstrates its feasibility for use over vegetation for the contiguous
US and applicability for deriving vegetation indices, particularly the Normalized Difference
Vegetation Index (NDVI). Images are available from January 2009 to December 2021 and
are freely accessible via Google Earth Engine. Considering the time frame of ICESat-2 data
acquisitions over the study sites, monthly composites from May 2019 were retrieved for
analysis. All six Landsat spectral bands and NDVI derived from the red and near-infrared
reflectance bands were combined with the 2016 NLCD canopy cover product and 2019
NLCD landcover product, and used as independent variables in RF models.

2.6. Data Analysis

Correlations (r) between canopy cover extracted from the ATL08 datasets and reference
airborne lidar-derived canopy cover were examined at the 30 m pixel scale. ICESat-2 canopy
cover was then compared with spatially coincident NLCD cover estimates. The pixel-level
ICESat-2-derived canopy cover from each of the four approaches (Section 2.4) served as the
response variable, with Landsat-derived metrics and NLCD canopy cover as independent
variables. Random Forest (RF) regression was selected as the modeling approach, given
demonstrated success in forest structural mapping with remote sensing data, including
AGB [41], growing stock volume [42], basal area [43], canopy height [44], and canopy
cover [45]. For each site, 30% of pixels were randomly set aside for model evaluation
and remaining 70% of data were used to construct models. Each measure of ICESat-2
canopy cover was used as a dependent variable for building RF models for each study
site. Thus, a total of four RF canopy cover models were built and evaluated over each
site. The same predictors were used for each model and accuracies were assessed with the
independent test set. The most accurate RF model was applied to map canopy cover across
each study at the 30 m grid size. A Forest/Non-Forest mask developed from the 2019
NLCD landcover product (forest classes were forests, shrubs forested or forested wetlands
or NLCD classes = 41–52, 90, and all other categories were reclassified to non-forest) was
applied to the final canopy cover maps to set non-forest pixels to 0.

3. Results
3.1. Pixel-Based ICESat-2 Canopy Cover vs. Reference Estimates

Consistent with ICESat-2 canopy height studies e.g., [16,17] and an earlier study on
methods to derive canopy cover with ICESat-2 data (i.e., 100 m segment scale canopy
parameters and classified photons, ATL08 data product, and ATL08 photons) [27], airborne
lidar data were used as a reference set for this work. However, it is important to note that
airborne lidar-derived canopy cover and the 2016 NLCD product estimates exhibit good
correlations. Specifically, an initial examination of NLCD pixel estimates with spatially
coincident reference airborne lidar (30 m pixel-based comparisons) produced r values of
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0.72 and 0.82 for SDFEC (n = 288) and SHNF (n = 148) (based on airborne lidar-derived
canopy cover >2 m).

ICESat-2 measures of canopy cover were all significantly correlated with airborne lidar-
derived estimates at the 30 m pixel scale (p-values < 0.001). At the SHNF site, correlations
(r) between pixel-level ATL08-derived canopy cover and ALS-derived canopy cover at
the 30 m scale were 0.78, 0.78, and 0.69, based on Equations (1)–(3), respectively. At the
SDFEC study area, correlation values were 0.64, 0.63, and 0.57 between the ATL08 canopy
cover and airborne lidar canopy cover. Using linear regression to model canopy cover
considering the three canopy cover metrics as explanatory variables, only one predictor
remained in each model for SHNF and SDFEC. For SHNF and SDFEC, the models used
canopy cover measured as the percentage of canopy and top-of-canopy photons of the
total canopy, top-of-canopy, and ground photons (Equation (1)). However, relationships
between the modeled canopy cover and airborne lidar canopy cover did not improve, with
r values of 0.78 and 0.64 for SHNF and SDFEC.

3.2. RF Models and Maps of ICESat-2 Canopy Cover

A total of four RF models were constructed for each study site, using each of the
four ICESat-2-derived canopy cover variables at the 30 m pixel scale as the dependent
variable. With test data for the SHNF site, the mean airborne lidar-derived canopy cover
was 60%, compared to the mean predictions of 54%, 49%, 29%, and 56% for each of the four
models (Figure 3, left to right), respectively. RF models yielded R2 values between 0.50
and 0.61, with RMSEs between 16% and 18%. Identical results were obtained where the
canopy cover calculated with Equations (1) and (2), was used as the dependent variable.
Results were very similar when the modeled canopy cover was used as the dependent
variable (Figure 3). For all models, either an infrared band or NLCD tree cover was the
most important variable.
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An examination of the relationships between the RF-predicted canopy cover and spa-
tially coincident NLCD tree canopy estimates (mean = 69%) over the SHNF site produced
R2 values between 0.67 and 0.82 (Figure 4) and RMSEs between 14% and 20%. Just as before,
except for ICESat-2-predicted canopy cover based on Equation (3) (R2 = 0.67), results were
very similar (R2 = 0.81–0.82), and RF-predicted canopy cover using the ICESat-2 estimates
from Equation (2) produced the best results with an R2 and RMSE of 0.82 and 14.7%.
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With the separate test dataset for the SDFEC, the mean airborne lidar-derived canopy
cover was 56%, compared to the mean predictions of 58%, 55%, 31%, and 57% for each of the
four models (Figure 5, left to right), respectively. Canopy cover models generated with the
data for SDFEC yielded R2 values ranging from 0.51 to 0.52, and RMSEs of approximately
20% (Figure 5). Thus, regardless of the ICESat-2-derived measure of canopy cover used
as the dependent variable, model accuracies were within the same range. Similarly, the
2019 NLCD landcover variable was the most important variable in all four RF models
constructed with data for SDFEC, followed by the Landsat spectral bands. When comparing
RF predictions with NLCD tree canopy estimates (mean cover = 74%) (Figure 6), R2 ranged
from 0.46 to 0.49, and RMSEs from 25 to 26%. Identical metrics were produced using RF
predictions with ICESat-2 canopy cover from Equation (1) as the dependent variable and
where the modeled canopy cover was used.
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Given the relationships between RF canopy cover predictions and airborne lidar
estimates (and NLCD cover estimates), the RF model using ICESat-2 canopy cover from
Equation (1) as the dependent variable (percentage canopy and top-of-canopy of terrain,
canopy and top-of-canopy photons), was applied to develop 30 m canopy cover maps
across the study sites (Figure 7). At the SHNF site, canopy cover ranged from 0% to 82%
with an average cover of 48%, compared to the NLCD product, where values ranged from
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0% to 100% with a mean of 72%. The comparison of mapped ICESat-2 canopy cover with
NLCD estimates indicated a substantially lower frequency of values in the former, where
NLCD cover exceeds 80% and is between 10 and 20% cover. Across the SDFEC site, mapped
ICESat-2 canopy cover values ranged from 0 to 90% with an average value of 54%, while
NLCD canopy cover ranged from 0 to 100% with a mean of 74%. A similar pattern of
higher frequency of NLCD canopy cover values that exceed 80% with substantially lower
frequency of values from ICESat-2 was evident across both study sites.
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4. Discussion

ATLAS provides high spatial resolution data along tracks, and, as the mission contin-
ues to operate, will generate an expansive network of observations over the earth’s surface.
Such structural data have already supported a range of applications across disciplines,
including topography [46], bathymetry e.g., [47–49], and urban studies [50]. ICESat-2
studies highlight capabilities for characterizing canopy structure, and, with gridded canopy
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products anticipated in the mission’s upcoming ATL18 product, this study serves to in-
form upcoming wall-to-wall production with ATL08 data. Beyond ecological applications,
gridded canopy cover, specifically the NLCD cover products, has supported studies across
disciplines, including those focused on environmental equity [51], social vulnerability [52],
and human health and mortality [52,53]. Given that the NLCD 2016 USFS tree canopy
cover is the most recent product across the conterminous US, and methods for calculating
canopy cover with ICESat-2’s ATL08 product have already been demonstrated [27], there
is a need for producing a spatially comprehensive map of this parameter. Moreover, the
combination of ICESat-2 data with optical sensor data typically used for NLCD cover
products [5] allows for the integration of structural information for a more direct retrieval
of vegetation’s structural attributes, like canopy cover.

The ability to map canopy cover with ICESat-2 and Landsat across all canopy cover
ranges for temperate forest study sites is demonstrated, despite limitations for areas of high
canopy cover. Overall, the methodology to map canopy cover with ICESat-2 was informed
by earlier work over similar sites, specifically (1) the development of segment-level canopy
cover equations [27], (2) comparisons of ICESat-2-derived canopy cover derived from an
initial pre-processing of ICESat-2 data at the 30 m scale versus the direct application of
segment-scale estimates to 30 m pixels [54], and (3) the synergistic use of ICESat-2 and
Landsat data [4,55]. In this study, three measures of canopy cover computed from available
ATL08 parameters [27] were applied to 30 m pixels for subsequent modeling and upscaling
with RF. While an additional step to further improve pixel-scale ICESat-2 canopy cover
before extrapolation was examined, findings do not suggest the implementation of this
methodological approach. Except for computation based on the percentage of top-of-canopy
photons of the number of top-of-canopy and ground photons, the two other equations
(Equations (1) and (2)) for pixel-scale estimates yielded similar results. Both measures can
be efficiently computed with available ATL08 metrics and results (e.g., correlations with
airborne lidar and NLCD cover) support their application to deriving pixelwise canopy
cover at a 30 m grid size.

In this study, scatterplots of reference airborne lidar canopy cover versus RF-predicted
canopy cover for both study sites indicate a two-cluster pattern, at higher and lower values.
ICESat-2 sampling limitations may have contributed to this observed pattern [17]. In an
assessment of ICESat-2 terrain and canopy heights, Malambo and Popescu [17] indicate
limitations in capturing intermediate vertical structure, with more points for top-of-canopy
and ground than intermediate levels. Better agreement between ICESat-2 and reference
airborne lidar estimates for higher height percentiles was attributed to better sampling of
the top-of-canopy. Poor agreement for intermediate canopy heights indicates insufficient
penetration in the lower canopy [17].

Results show that ICESat-2 was found to underestimate canopy cover when values
(airborne lidar-derived and NLCD) exceeded 80%. With test pixels, 20% and 14% of
airborne lidar-derived canopy cover pixels exceeded 80% canopy cover for SHNF and
SDFEC, compared to 0% and only 7% from ICESat-2-predicted canopy cover (RF-predicted,
with estimates derived from Equation (1)). However, it is notable that ICESat-2 canopy
cover estimates were within similar ranges and average values when compared to the
reference estimates. ICESat-2 vegetation studies have reported better results with ATL08
where, in general, canopy cover was less than 80%. To exemplify: underestimations of both
the AGB and canopy height were noted in areas with high canopy cover [17,56]. Studies
have also indicated that ICESat-2 overestimates heights for low-height vegetation, and
an underestimation of tree canopy heights [20] and AGB in high AGB forests has also
been reported [57]. Consistent with the literature, overestimations were evident at the
lower ranges, particularly where canopy cover values (airborne lidar and NLCD) were less
than 20%. Nevertheless, this work indicates the capability for generating spatially explicit
canopy cover with ICESat-2 in combination with Landsat (e.g., R2 0.51–0.61).

At the 30 m grid size, other Earth Observation mission data may be examined for
further improving canopy cover estimates. Opportunities for deriving large-area canopy
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structural information are greater than ever before. One of the science objectives of ICESat-2
is to capture vegetation heights, while that of another space-based lidar, the Global Ecosys-
tem Dynamics Investigation (GEDI), was specifically designed for characterizing vegetation
structure [58]. The extent to which data from both missions can be used synergistically
to derive canopy cover needs to be determined. Considering accuracies provided with
only ICESat-2, the combined use of ICESat-2 and GEDI samples with area-wide predictors
like those from Landsat or Sentinel may be beneficial. While determining the extent to
which spatially incontiguous observations from these two space-based lidars can be used
for canopy cover and other forest mapping applications need to be investigated, such
an approach is expected to further improve accuracies. In doing so, additional machine
learning and deep learning (DL) techniques should also be examined. Alvites, et al. [59]
noted the increasing use of such approaches for forest parameter estimation with lidar data.
Given the ability to handle large and complex datasets, DL algorithms could be leveraged
for multi-source mapping applications [60]. For instance, Zhang, et al. [61] examined a
DL-based workflow for estimating AGB with airborne lidar data and Landsat imagery. The
authors found that the DL model (Stacked Sparse Autoencoder network) outperformed the
K-nearest neighbor, RF, Support Vector regression, and stepwise linear regression models.
The synergistic use of earth observations from satellites, including ICESat-2, GEDI, and
Landsat, presents opportunities for further understanding the application of DL techniques
for generating spatially complete information on forest attributes.

5. Conclusions

Wall-to-wall maps of canopy cover, and more importantly, updated canopy cover
information, represent an invaluable resource for a range of applications. Despite its excep-
tional capability to provide vertical and horizontal vegetation information, a methodology
for mapping canopy cover with ICESat-2 is not yet available. This study presents a method-
ology to apply structural estimates from ICESat-2′s vegetation data product to generate
predicted maps of canopy cover. Findings for temperate forest conditions in the South-
ern US suggest the capability for mapping at a 30 m grid size by utilizing segment-level
measures of canopy cover and integrating Landsat predictors for upscaling. By comparing
several methods of derived canopy cover at the pixel scale and subsequent extrapolation
of estimates, the results support a simpler approach that does not require calibration be-
fore upscaling, and highlight complementary information provided by existing NLCD
and Landsat reflectance products. Ongoing research serves to assess the transferability
of this framework to other vegetated conditions, determine the potential of integrating
other Earth Observation data sources, and develop a regional scale canopy cover product
with ICESat-2.
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