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Abstract

Detailed characterization of global forest dynamics requires accurate measurements of canopy cover beyond estimating the extent of forested area. Passive-optical remote sensing techniques, despite remarkable
success in identifying global hotspots of forest cover loss, cannot fully satisfy observation requirements at the plot or canopy crown level. Critical issues including signal saturation and algorithm uncertainty impose limitations
on capturing subtle canopy cover changes using standard products generated from satellite imagery, particularly over largely intact dense tropical forests. Spaceborne lidar remote sensing can fill this gap in contemporary
Earth observation networks by providing direct measurements of 3-D canopy structure. Here we analyze global canopy cover distributions using observations from the Geoscience Laser Altimetry System (GLAS) onboard of
NASA*“s Ice, Cloud, and land Elevation Satellite (ICESat-1). We found ICESat-based cover estimates were sensitive to canopy cover dynamics even over dense forests with cover exceeding 80% and were able to better
characterize biome-level gradients and canopy cover distributions than the existing products derived from conventional optical remote sensing. At the footprint level, ICESat-1 produced almost no bias when compared with
airborne estimates, and had RMSE values on the order of ~20% cover. Improved cover products based on lidar should allow comprehensive analysis of subtle forest structure changes at landscape scales, and provide unique
information for biophysical stratification of forests and changes in vertical canopy structure. This is particularly true given the Global Ecosystem Dynamics Investigation (GEDI) lidar recently installed on the International

Space Station, which will acquire higher resolution lidar data at greater sampling densities than has been available to date.
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1.1 INTRODUCETHIONNntroduction

Canopy cover is an important biophysical variable widely used in global climatic, ecological, hydrologic and biodiversity studies (Bonan and Doney, 2018; Goetz et al., 2015; Lewis et al., 2015; Saatchi et al., 2011). Field
measurements of canopy cover, together with other forest inventory data, are often used for analyzing long-term changing trends of forests and exploring their interactions with environmental change. However, high labor costs limit
field-based sampling and thus can introduce bias and uncertainty over broad geographical extents (Malhi et al., 2006; Pan et al.,, 2011). Alternatively, field and inventory measurements may be coupled with satellite data to more

efficiently generate estimates of canopy cover regionally and globally using a consistent spatio-temporal framework (e.g. Hansen et al., 2013). Indeed, satellite-based canopy cover monitoring has evolved remarkably over the past few



decades, from earlier work identifying deforestation hotspots (Skole and Tucker, 1993) to more recent efforts tracking annual global forest cover gain and loss at 30 m resolution (Achard et al., 2014; Hansen et al., 2013; Sexton et al.,

2013; Townshend et al., 2012). These advances have increased our knowledge of global forest dynamics and its role in global climatic and environmental change (Bonan and Doney, 2018; Curtis et al., 2018; Watson et al., 2018).

The aforementioned maps of forest cover have primarily been used for detecting deforestation. However, a key limitation of these maps is that they typically have limited ability for differentiating subtle changes in canopy cover
(e.g. <-10%) (Goetz et al.,, 2015; Hansen et al., 2008; Staver and Hansen, 2015). This is partially because these products were initially designed to estimate the total crown-covered area rather than smaller gap changes within
otherwise intact forests. A typical algorithm that generates canopy cover from passive optical remote sensing data, such as Landsat imagery, first explores empirical relationships between spectral reflectance signals and reference data
sets created from high-resolution imagery (e.g. Google Earth), and then applies these relationships over larger areas (Hansen et al., 2013). Data sets produced this way inherit the definition of tree crown cover used in the training
process of high-resolution imagery, that is, “the vertical projection of the outermost perimeter of the natural spread of the foliage of plants” (Jennings et al., 1999). This definition is different from canopy fractional cover, which
describes the percent of a fixed area covered by the vertical projection of canopy structural elements (e.g. numerically smaller by excluding openings in the crown) (Armston et al., 2009; Hansen et al., 2003; Rautiainen et al., 2005). As
such, most imagery-based products are designed to have greater sensitivity to the presence of tree crowns (or their probability) than characterizing canopy fractional cover within crowns, which can be difficult to estimate even from
ultra-high resolution imagery. Many other factors may contribute to the relatively large uncertainties that exist in canopy fractional cover estimates made from satellite imagery, including cloud and canopy shadows, decoupling woody
and herbaceous cover, slope attenuation and signal saturation (Armston et al., 2009; Asner and Warner, 2003; Riano et al., 2003; Song and Woodcock, 2003). While the two canopy cover definitions share similarities and both can be
used to map forest extent via thresholds, their impacts on ecological processes differ considerably. For example, small-scale gaps within intact forests missed by total crown cover are crucial for canopy radiation penetration, forest
regeneration and tree species-diversity (Wright et al., 2010). The two therefore should not be used interchangeably although many studies do so or empirically scale one to the other due to the lack of a true canopy fractional cover

product (Fisher et al., 2018; Yuan et al., 2014).

A second major limitation of canopy cover products derived from passive optical satellite imagery is their low sensitivity to high cover in densely forested areas. Whereas limited sensitivity may have minimal impact on
delineating forest/non-forest extent, it is critical for characterizing canopy cover losses associated with other ecological processes in dense forests (e.g. tree mortality and demography). Dense canopies, mostly found across humid
tropical regions, often have unique microenvironment conditions that differ seasonally and inter-annually from surrounding forests (Brando et al., 2010). Data from passive optical sensors often fail to provide reliable cover estimates
over these dense canopy forests as they suffer signal saturation limiting direct observation of sub-canopy conditions (Huete et al., 2002). A simple but imperfect solution is to set a maximum detectable threshold above which all
estimates are limited. For example, the MODIS Vegetation Continuous Fields (VCF) products (Hansen et al., 2003) set a global saturation threshold of 80%, and similar strategies apply to finer resolution sensors such as Landsat

(Sexton et al., 2013; Townshend et al., 2012).

A third issue with prevailing satellite-based canopy cover products arises from the processing methods used. Hanan et al. (2014) reported discontinuities of tree cover estimates in current remote sensing products by
comparing the MODIS VCF product to a pseudo-tree cover data derived from field measurements, arguing these discontinuities may be an artifact of the classification and regression tree (CART) processing algorithm used to derive the
canopy cover products. This discontinuity, possibly due to binning bias (Gerard et al., 2017), raised concerns about the applicability of MODIS VCEF, for example, in analyzing alternate stable states in tropical savannas and forests
(Hirota et al., 2011; Staver et al., 2011). A follow-up technical response (Staver and Hansen, 2015) provided evidence of the unbiased estimates of the CART-generated tree cover by reanalyzing the real error distributions of the MODIS

VCF data. Although this issue remains contested, these studies underscore the importance of having better calibrated and validated global cover products.

We argue that one way to address the issues that arise from the use of passive optical data is to employ more direct measures of 3D canopy structure, such as those derived from lidar. Lidar is a modern remote sensing
technology that has already been widely used for deriving canopy cover products across various forest biomes (Armston et al., 2013; Goetz and Dubayah, 2011; Hopkinson and Chasmer, 2009; Korhonen et al., 2011; Lefsky et al., 2002;
Morsdorf et al., 2006). Most of these studies use airborne lidar data, and are thus executed over relatively limited geographic extents. An attractive alternative is to generate global canopy cover products from spaceborne lidar,
mirroring studies which have used such observations for mapping global canopy height and aboveground biomass (Baccini et al., 2012; Lefsky, 2010; Saatchi et al., 2011; Simard et al., 2011). The only spaceborne lidar whose data were
suitable for global vegetation studies was the Geoscience Laser Altimeter System (GLAS) onboard NASA's Ice, Cloud, and land Elevation Satellite (ICESat-1), deployed between 2003 and 2009 (Abshire et al., 2005). A new ecosystem
lidar recently launched in December 2018, the Global Ecosystem Dynamics Investigation (GEDI) Lidar (Dubayah et al., 2014), will include data products on canopy cover. It is thus of considerable interest to derive canopy cover from

GLAS data, both by itself, and for comparison with GEDI products once they become available, to assess changes in cover over recent decades.

Here we report on global canopy cover distributions derived using ICESat-GLAS data, with a primary focus on humid tropical evergreen forests where current forest cover estimates have the greatest uncertainty. We assess the
likelihood of robustly detecting high canopy cover (>80%) over these forests and independently assess performance of our cover estimates using airborne lidar measurements over dense tropical forests in Africa. We also compare
footprint-level estimates with those from airborne waveform lidar as well as with global products derived from MODIS. Finally, we explore canopy cover distributions across major biomes and present an analysis of forest cover seasonal

dynamics.



2.2 MATERIALSaterials ANPand METHODSmethods

ICESat-GLAS recorded sample-based transects of canopy structure with a series of ~65m footprints illuminated by a 1064 nm (near infrared) full-waveform lidar sensor (Abshire et al., 2005). The ICESat footprints have an
along-track spacing of ~175m and a maximum between-track distance of ~30km at the Equator. Forest structural information, including canopy height and aboveground biomass, can be retrieved from ICESat data and its efficiency
and accuracy have been thoroughly investigated in many studies and widely applied across major biomes of the world (Baccini et al., 2012; Los et al., 2012; Nelson et al., 2009; Saatchi et al., 2011; Tang et al., 2016). These applications

increase our confidence in generating canopy fractional cover products at a global scale.

2-1:2.1 ICESat GLAS Pprocessing

We analyzed GLA14 lidar data sets from laser operation campaigns between 2003 and 2007 that cover three major seasonal periods: late February to March, late May to June, and October to November. We did not use laser
campaigns after 2007 due to a well-documented degraded laser energy issue that impacted measurement consistency through time (NSIDC Distributed ICESat GLAS Laser Operations Periods: updated Dec. 2014). The data set
included Gaussian fitting parameters of decomposed waveforms and other ancillary information such as acquisition time and geolocation. We further screened the footprint data set by applying predefined thresholds on cloud mask,
topographic slope and signal saturation (Los et al., 2012). We then calculated the footprint-level canopy cover fraction as the ratio between vegetation return and the weighted total waveform energy. To account for the difference
between canopy and ground apparent reflectance, we used a global average reflectance ratio of 1.5 for simplicity, although this value may vary in space and time from about 1.0 to 2.0 at the footprint level inspace-and-time-(Harding et al.,
2001; Tang et al., 2012). This variation has a small effect on canopy cover estimates at the high end but may have a relatively greater impact at the lower range (Harding et al., 2001). In addition, we applied a recursive analysis to refine

initial canopy cover estimates by mitigating slope effects and rejecting possible outliers based on search of maximum potential leaf area index (Tang et al., 2014). More detailed information can be found in the sSupplementairy material.

2.2.2.2 Airborne waveform lidar processing

The accuracy of ICESat-GLAS canopy cover at the high cover range was examined with a comparison to airborne lidar measurements over a dense tropical forest in Africa. The airborne canopy cover reference was derived
from flights in Gabon using NASA!'s Land Vegetation and Ice Sensor (LVIS) (Blair et al., 1999) as part of a joint NASA-ESA-DLR (European Space Agency-German Aerospace Center) AfriSAR campaign in February and March 2016
(Fatoyinbo et al., 2017). During the campaign, LVIS completed a ~170km acquisition of the ICESat-1 ground path, providing an opportunity to assess the ICESat estimates. Canopy cover, along with other ecological metrics, were
generated for LVIS footprints (~25m) over dense forests using the methodology of Tang et al. (2012). In comparison to earlier data collections, the LVIS instrument used for the Gabon acquisitions was redesigned and upgraded, with
greater signal to noise properties that are sensitive to detecting canopy fractional cover exceeding 99%, which makes it more suitable for assessing the performance of ICESat GLAS data over extremely dense forests. We made
footprint-level comparisons between ICESat and LVIS acquisitions, as well as landscape-level comparisons using aggregated observations along the 4-km LVIS flight swath. The comparisons were conducted following visual inspection
of Landsat imagery to ensure that no areas with deforestation or forest degradation were included. Shrublands and savannas areas were not included in the comparisons to avoid areas where changes was-were more likely to occur over
the ~10year time period we examined. We then applied the Anderson-Darling (A-D) tests to compare the distributions of LVIS and ICESat forested footprints (cover >-10% and height >-5m). We chose the A-D test rather than the

Kolmogorov-Smirnov test because the latter is less sensitive to data at the tails of a distribution, which is the focus of our analysis.

In addition to the Gabon site, we included LVIS data from previous acquisitions to further assess the performance of ICESat at the footprint level in a range of different forest ecosystems. These included a wide gradient of
canopy fractional cover in North and Central America, from the White River National Wildlife Refuge in Arkansas (2006), Sierra National Forest in California (2008), Baltimore-Washington corridor in Maryland (2003), forests north of
Orono, Maine (2003), and tropical rainforests at the La Selva Biological Station, Costa Rica (2005) (Tang et al., 2012; Tang et al., 2016). We did not combine these sites with the Gabon data because of their large temporal difference and

the use of an upgraded LVIS instrument in Gabon.

2-3.2.3 Ancillary data

We extracted ancillary information to ICESat footprints from conventional optical remote sensing products to facilitate its performance assessment at global scale and by different biomes. The ancillary information included the

250m MODIS VCF product (MOD44B) (DiMiceli et al., 2011) and the 500 m MODIS land cover type product (MCD12Q1) (Friedl et al., 2010). We did not consider interannual variability given the short observation period of ICESat-1.
Rather we calculated the average estimate of the annual VCF product and the majority type of the annual IGBP land cover classification between 2003 and 2007. We also extracted vegetation phenology information from MODIS land
cover dynamics product (MCD12Q2), and identified the start and end of growing season as the median of annual increase and minimum of Enhanced Vegetation Index (EVI)-based greenness. We ignored phenological dynamics over
evergreen forests (both needleleaf and broadleaf) due to large product uncertainty of MCD12Q2 and complexity of seasonal cycles, particularly over the tropics. Based on the above information and the forest definition of FAO, we
classified the ICESat footprints into two categories: 1) vegetated footprints, including all ICESat footprints falling over forest, shrubland and savanna according to MODIS land cover type, and 2) forested footprints with total canopy

fractional cover >-10% and canopy height exceeding 5 m (note this is a subset of the first category).



We then compared ICESat-derived canopy cover with MODIS VCF at both footprint and biome level over all vegetated areas globally. We performed an Anderson-Darling (A-D) test to examine the possible difference between
the two canopy cover distributions. We estimated both the mean and probability distribution of ICESat canopy cover at 0.5° grid cells by aggregating leaf-on forested footprints. In particular, we assessed the chance of having very high
canopy cover at the footprint level across the pan-tropical region (70%~90% and exceeding 90% respectively). Cells with fewer than 25 ICESat footprints were masked out in an attempt to minimize possible sampling errors in the
aggregation process. The biome level canopy cover distributions were generated by pooling the vegetated footprints into six predefined land cover types (i.e. evergreen needleleaf forest, evergreen broadleaf forest, deciduous

needleleaf forest, deciduous broadleaf forest, mixed forest, as well as shrubland and savanna).

We additionally investigated the seasonal dynamics of canopy cover across the tropics at 1° cells. Following Tang and Dubayah (2017), we calculated the mean differences among the vegetated footprints from the three ICESat
seasonal periods, and then undertook a sensitivity analysis of the estimated change accounting for total shot number within each pixel and footprint-level accuracy of ICESat estimates. Here we applied a global average 10%
measurement error, a value consistent with previous lidar studies (typically ranging from about 5% to 15% in comparison to field estimates, with smaller error for closed canopy) (Armston et al., 2013; Hopkinson and Chasmer, 2009;

Korhonen et al., 2011; Morsdorf et al., 2006).

3.3 RESUETFSesults

In this section we present comparisons of ICESat, airborne lidar and MODIS cover estimates. These comparisons include analyses of the spatial patterns of ICESat-based canopy fractional cover regionally and at different

biome levels.

3+1:3.1 ICESat vs. LVIS

Over the AfriSAR LVIS swath there were a total of 460,499 LVIS and 912 ICESat forested footprints which were used for statistical analyses (Fig. 1). The majority of LVIS and ICESat footprints in Gabon had a canopy cover
greater—than->85% with a peak around 95%-in-Gaben. Although the ICESat data showed a relatively lower peak than LVIS cover estimates, the A-D test could not detect a statistically significant difference (p-value =0.52). Their
agreement at the footprint level was understandably low given a ~10yr difference (+*=0.27, bias =-=5.46, RMSE = 21.6%). Footprint-level comparison in North and Central America had better agreement, with an = 0.57, bias =~

=2.05, RMSE = 16.87% (Fig. 2). In tropical rainforest sites, the comparison at La Selva produced an r* = 0.45, bias = 2.57, RMSE = 19.24%, slightly better than that in Gabon.
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Fig. 1 Comparison between ICESat GLAS and airborne LVIS derived canopy cover in an African tropical rainforest (Rabi, Gabon). Panel A presents the geographical extent of the LVIS flight line (4-km swath) and corresponding ICESat GLAS footprints colored by laser campaigns
from 2003 to 2007 (note different scales in latitude and longitude). Panel B shows canopy cover distributions aggregated from forested ICESat and LVIS footprints. The Anderson-Darling test cannot reject the null hypothesis that there is no difference between the two distributions.
Panel C shows the footprint-level comparison result between ICESat and averaged LVIS estimates (%2 =0.27, bias =--5.46, RMSE = 21.6%). Each point represents a footprint-level comparison case with the bright-yellow color indicating a high kernel density in the plot._(For

interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.
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Fig. 2 A comparison between ICESat canopy cover and those derived from airborne LVIS campaigns between 2003 and 2008. Each data point represents a comparison at individual ICESat footprint, and different color-shape combinations indicate different forest types surveyed by

the LVIS instrument (AR: 2006 White River National Wildlife Refuge in Arkansas; CA: 2008 Sierra National Forest in California; MD: 2003 Baltimore-Washington corridor in Maryland; ME: 2003 Maine forests to the north of Orono, Maine; LS: 2005 La Selva Biological Station, Costa

Rica).

3+2:3.2 ICESat vs. MODIS VCF

At the global scale, canopy cover estimates from ICESat and MODIS VCF (Fig. 3) showed only moderate agreement (* = 0.30, bias =~=0.88, RMSE = 26.2%). While the two data sets agreed on a bimodal pattern of canopy cover

and showed almost no bias, only a small percentage of data points were distributed near 1:1 line between 25% and 75% canopy cover. There were discrete clusters in the VCF product relative to the ICESat cover estimates, with almost
no VCF estimate greaterthan->80% canopy cover. The A-D test confirmed a significant difference between the two distributions (p-value <-0.001). Their difference was more evident when assessed over different land cover types (Fig.

4), with substantial bias (>15%) and minimal correlation over evergreen needleleaf forest or mixed forest. There also appeared to be discrete clusters of tree cover in the VCF products in comparison to ICESat (e.g. two horizontally

oriented clusters in Mixed Forest of Fig. 4).
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Fig. 3 Global comparison between MODIS VCF and ICESat canopy cover at footprint level (Panel A). In Panel B, dotted lines represent the probability distributions of ICESat canopy cover (blue) and MODIS VCF (red) over global vegetated areas, and solid lines are the correspondin

cumulative distribution functions._(For interpretation of the references to color in this fiqure legend, the reader is referred to the web version of this article.)
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Fig. 4 Pixelwise comparison between MODIS VCF and ICESat canopy cover by land cover type.

We did not find any discontinuity in the ICESat canopy cover product along gradients grouped by land cover types (Fig. 5). We found canopy cover of both evergreen and deciduous needleleaf forests appeared as a Weibull
distribution, with the peak (at about 10—-15%) skewed tewardstoward the lower end and a small percentage exceeding 80%. The spike at 0—-2% range was probably caused by the non-random sampling pattern of ICESat and inaccurate

classification of MODIS land cover type. Shrublands and savannas had a similar pattern as needleleaf forests, with slightly higher density below 30%.
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Fig. 5 Distributions of ICESat canopy cover (blue-se#ldsolid) and MODIS VCF (red-dash) across different land cover types. These include all vegetated ICESat footprints (see definitions in Methods_section 2.3). (For interpretation of the references to color in this fiqure legend, the

reader is referred to the web version of this article.

In contrast, broadleaf forests presented more complex patterns. While evergreen broadleaf forests showed a typical bimodal shape with the majority of footprints exceeding 70% canopy cover, deciduous broadleaf forests



displayed a trimodal distribution — two major peaks centered close to 0% and around 40% as well as a minor one at about 90%. Mixed forests, unlike any other types, showed a more even distribution across the entire spectrum aside
from a spike below 2% and a small dip above 95%. The corresponding MODIS VCF estimates showed a continuous canopy cover distribution as well (only below 80%), but consistently with a unimodal shape by forest type. The peaks
were centered around 5% for shrubland and savanna, 30% in deciduous broadleaf forest and needleleaf forest, 60% in evergreen needleleaf forest and mixed forest, and 80% in evergreen broadleaf forest. ICESat and MODIS agreed
best at two extremes of canopy cover distribution, i.e. evergreen broadleaf forest and shrubland - savanna. However, ICESat produced much smaller canopy cover estimates in evergreen needleleaf forest and, unlike MODIS VCF,

showed no major peak in mixed forest.

3-3:3.3 Spatial patterns of ICESat GLAS canopy cover

The ICESat GLAS canopy cover map over global forested areas (Fig. 6) revealed a distinct gradient across latitude bands, consistent with the global distribution of forested biomes (e.g. from dense humid tropical forest to
sparse boreal evergreen and deciduous needleleaf forest). Areas with canopy cover greaterthan->80% predominantly occupied tropical forests in the Amazon basin, the Congo basin and the Malay Archipelago. Forested areas over the
adjacent tropical savannas and shrublands tended to have a much lower canopy cover with estimates ranging from about 15% to 40%. Most temperate forests also showed high average values, albeit less than tropical forests (from

about 50% to 80%). The cover values gradually decreased toward the polar regions, with most boreal forests over 50° N across North America and Eurasia having canopy cover values around 30%.
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Fig. 6 A global 0.5° canopy cover map averaged from leaf-on forested ICESat GLAS footprints. Note these are only forested footprints with canopy cover >-10% and height >-5m. Cells with 25 footprints or less were excluded from the analysis.
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The aggregated ICESat GLAS data sets also characterized regional variations of canopy cover, particularly over high-density forests of the tropics (Eig—7Figs. 7 and 8). Our results showed that the probability of having extremely
dense canopy cover varied considerably across these regions. Amazonia had the greatest frequency of extremely high (e.g. >-90%) canopy cover in the evergreen broadleaf forest class (Fig. 7D), particularly when compared to Tropical
Africa and Southeast Asia. About 70% of forested ICESat footprints in the evergreen broadleaf forests of tropical America exceeded 80% canopy cover with about 60% exceeding this threshold in tropical Africa and fess-than<40% in
Asia (Fig—78). Most forests and savanna areas outside the Amazon and Congo basins had much smaller probabilities of having extremely dense canopies (typically <10%). Areas having canopy cover between 30% and 50% included the

Chaco of northwestern Paraguay, the Atlantic Forest of Brazil, and the dry forests of Angola, Zambia and central Madagascar (Eigs—#A-8Fig. 7).



canopy cover: 30% ~ 50%

>

i

A ﬁ;.;'..\ N

0 10

Latitude

-20

B
22
Ec Prob (%)
£ | >50
= | 45
& = 40
I @ 35
@ 30
o 25
C. o 20
T o 15
& o 10
8- B 5
2o oo
K]
- |

-20

0 10

wd g

Latitude
#

-20
I

T T T T T
-100 -50 . 50 100 150
Longitude

Fig. 7 The probability of a forested patch (~0.3 ha; a single ICESat footprint) having canopy cover between four predefined intervals based on the same data set used in Fig. 6. The total probability of these data sets are less than or equal to one.
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The ICESat canopy cover maps also captured seasonal changes in a similar way to conventional remote sensing (e.g. MODIS) (Fig. 9 and Supplementalry Mmaterial). ICESat and MODIS-based EVI metrics had a very good

agreement over tropical deciduous forest, woodland and savannas typically experiencing a single and strong seasonal cycle (e.g. monsoon). This seasonality was most evident in Eastern Miombo woodlands and East Sudanian savanna

in Africa, Central Indochina dry forest in Southeast Asia and as well as Brazilian Atlantic dry forest. The seasonal pattern was also discernible in northern Australia during the southern hemisphere autumn-winter-spring cycle. However,



the two satellite data sets (MODIS and ICESat) did not generally agree over wet and moist tropical rainforests. There were even opposite patterns observed, for example, during the wet-dry transition period (March to June) in the
southern Amazon forests: MODIS EVI indicating a decreasing trend but ICESat showing a distinct increasing one. These disagreements were not only due to the limited temporal sampling of ICESat but also caused by large

uncertainties from MODIS data used to infer seasonality (e.g. BRDF corrections; see Supplementairy Mmaterials for more details).
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Fig. 9 Seasonal changes of canopy cover across tropical regions at 1° grid cells. Each cell represents the mean canopy cover change for 2003--2007 ICESat data aggregated in March, June and October (Gray pixels are areas with mean change less than the estimated error
threshold). These temporal changes agree well with MODIS and knowledge of tropical deciduous forest, woodland and savanna ecosystems but show different patterns over wetter areas (e.g. Amazon rainforests).
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4.4 DISCUSSIONiscussion

The overarching goal of our study was to explore global canopy cover distributions over forested areas using spaceborne lidar data. Our analysis thus differs from “area-focused” studies using passive optical sensors to map the
geographical extent of forest cover and detect its temporal change (e.g. deforestation) (Achard et al., 2014; Hansen et al., 2013, 2008; Sexton et al., 2016). Our ICESat-based estimates instead provide the continuous canopy fractional
cover in intact or degraded forests and those having recovered from disturbance events, a quality- or density-driven subject that remains poorly characterized due to insufficient precision of prevailing cover products over dense

forests.

Lidar-based products can provide more direct and accurate estimates of canopy gap fraction and cover even in dense tropical forests. Following examples implemented at regional and landscape scales (Hopkinson and
Chasmer, 2009; Morsdorf et al., 2006; Tang and Dubayah, 2017; Tang et al., 2012), our results provide further support that satellite observations capture the patterns and temporal variability of canopy cover, but for the first time at the
global scale using spaceborne lidar, albeit at a coarser spatial resolution-. Comparison with airborne lidar data collected over the entire spectrum of canopy cover increase our confidence in mapping forest cover with ICESat, even
when cover values exceed 80% (Figs. 1 and 2). Despite relatively large footprint-level uncertainty (15—-20% RMSE), the estimates of canopy cover convey a substantial reduction of uncertainty at the landscape level with increased
sampling density. Note we did not focus on the repeatability at the footprint level because it is impractical given the orbit pattern of the spacecraft, which was designed to increase the spatial distribution of sampling at low and mid

latitudes. Instead, the ICESat-based product was used for estimating the expected value of landscape-level ecological attributes and their dynamics in response to regional changes.

The strength of the ICESat GLAS canopy cover products lies in their direct estimates of canopy fractional cover. Our approach requires neither extensive field calibration nor complex model construction and sampling



stratification, both of which were required in the process of passive optical remote sensing imagery (e.g. MODIS and Landsat). Instead, the waveform measurements directly capture the profile of radiation attenuation within the
canopy, and thus span the entire physical range of canopy cover in the vertical dimension. As a result, we do not observe any discontinuity in canopy cover distribution (Figs. 2, 3 and 4), a critique of a prevailing cover product from

MODIS VCF (Hanan et al., 2014; Yuan et al., 2014).

Comparisons between MODIS VCF products and our ICESat GLAS canopy cover maps show a general agreement at the global scale, and confirm the low overall bias (<-1%) of VCF products (Staver and Hansen, 2015).
However, we find that the MODIS VCF may be a less than ideal reference at the biome level. For example, MODIS VCF product saturates at high canopy cover (>80%, most pronounced in evergreen broadleaf forests) (Fig. 2). There
also appear to be discrete clusters in VCF compared with ICESat GLAS cover, particularly over mixed forests (Fig. 4), which is probably caused by the nature of the VCF training data, i.e. “a discrete classification of the Landsat data
into 4 classes of relative percent tree cover (0, 25, 50, 80+)” (User Guide for MODIS VCF; DiMiceli et al., 2011). In addition, MODIS VCF shows a relative overestimation toward the ICESat cover product in needleleaf forests (Fig. 3)
probably caused by different canopy cover definitions (Tang et al., 2019): VCF and similar satellite imagery primarily aim at estimating the mean crown cover while ICESat estimates the canopy fractional cover whose value is always
smaller than crown cover. This means a decrease in MODIS VCF time-series may be better interpreted as loss of many individual crowns, such as those associated with forest clearing, rather than subtle changes in canopy cover often
associated with small-scale natural disturbances or forest degradation. Even relatively finer resolution imagery such as Landsat may not be able to meet observation requirements for monitoring relatively small changes caused by
physiological or phenological factors over dense intact forests (Goetz et al., 2015; Lewis et al., 2009). By contrast, ICESat GLAS-based estimates can better track these subtle changes, such as seasonal cycles of cover change in moist
rainforests (Fig. 7). Seasonal changes, for instance, generally agree with the high-temporal dynamics of in situ observations acquired from ground-based lidar in the central Amazon (Smith et al., 2019). Yet the low temporal resolution
of our ICESat GLAS gridded cover product makes it less than ideal for operational phenology applications, and can have substantial uncertainties in some of the dense tropical forests that experience more than one dry/wet seasonal

cycle.

Our results have implications for future ecosystem monitoring and can help address issues associated with insufficient measurement precision from conventional passive optical remote sensing. For example, our results support
the hypothesis of alternative stable states of tropical savanna-forest (Hirota et al., 2011; Staver et al., 2011), as the ICESat GLAS canopy cover estimates revealed contrasting patterns between evergreen broadleaf forests and
shrubland-savanna (clustered at two extremes with sparse intermediate values) (Figs. 3 and ¥ig-5). The cover plus height information, for example, can help identify the extent of forest in dryland biomes (Bastin et al., 2017). Over
dense humid tropical forests, ICESat GLAS canopy cover estimates captured not only mean canopy cover distributions, but also variations at the extremes across large environmental gradients and seasonal cycles (Figs. 5, 6 and 7).
Our findings suggest spaceborne lidar, when combined with ancillary information, can improve our capability of detecting canopy-scale changes caused by factors other than forest clearing (e.g. drought-driven tree mortality) over
targeted ecoregions (Lewis et al., 2009; Phillips et al., 2009). There were more complex patterns of ICESat cover estimates in the temperate regions (Figs. 3 and #ig-5), such as a trimodal frequency distribution over deciduous
broadleaf forest areas, but a more even distribution of canopy cover across mixed forests. These results suggest there may be additional drivers of cover change within certain land cover types not captured in the MODIS VCF data

(Fig. 5), such as different responses to regional climate conditions or human modification of forests.

Despites these advantages of mapping forest cover over broad geographical extents using satellite lidar data, limitations remain for characterizing vegetation structure more generally. The primary limitations arise from limited
sampling densities in both the spatial and temporal domain (e.g. in the case of ICESat-1, wide cross-track distances and ~3-month revisit frequencies). It is also difficult to detect canopy changes at any given location given ICESat-1
did not acquire exact repeating orbits. Rather, ICESat footprints can be viewed as a pseudo--observation network with millions of plot-level observations, requiring spatial aggregation in order to describe forest structural changes. Our
intent here was to keep the footprint-level observations at their native resolution and precision. Thus we did not use empirical models or satellite imagery to interpolate these estimates across space but instead performed spatial
aggregation at 0.5° and change analysis at 1°, resolutions much coarser than many remote sensing imaging instruments (such as Landsat and Sentinel sensors). Nonetheless, gridded observations such as those we provide have utility
for global scale earth system models as many of them are implemented at similar resolutions (Bonan and Doney, 2018). Moreover, we envision most of ICESat*'s limitations will be resolved by NASA*'s spaceborne vegetation lidar
mission, the Global Ecosystem Dynamics Investigation (GEDI) (Dubayah et al., 2014). GEDI was successfully launched to the International Space Station (ISS) in December 2018, and began its science data collection on March 25,
2019. GEDI Lidar is expected to collect 10 billion cloud-free full waveform measurements similar to those provided by ICESat GLAS, but at much higher spatial resolution (25 m footprint) and sampling densities (60 m along-track and
600 m across-track). GEDI will acquire data over almost all temperate and tropical forests (about +51.6° latitude), and both footprint level and gridded data products (at 1 km resolution) will be produced by the end of its nominal 2-
year mission life, including leaf area index, foliage height diversity indices and canopy cover estimates. These products have the potential to provide a new baseline of global forest cover and, when combined with wall-to-wall data from

passive optical and synthetic aperture radar instruments, should catalyze our ability to characterize the dynamics of forest cover changes at unprecedented accuracy.

5.5 CONCLUSIONonclusion

Characterizing canopy structure over extremely dense forests remains a challenge over humid tropical forests, where rapid canopy cover changes can take place at both landscape and more local scales, such as canopy gaps

from selective logging operations or seasonal changes. Lidar remote sensing can fill the gap in contemporary satellite observation networks by providing more precise estimates of canopy structure changes. Our analyses with ICESat



data demonstrate the capacity of spaceborne lidar to directly measure canopy cover with no significant saturation issues. At the footprint level ICESat-1 cover estimates contain minimal bias when compared with airborne lidar cover
estimates. At the regional scale ICESat GLAS canopy cover estimates characterize the spatial distribution and probabilities of extremely dense canopies, a pattern that is indiscernible when using passive optical sensors but critical for
assessing subtle cover and structure changes caused by factors like canopy seasonality. Our results increase confidence in generating similar products from the GEDI Lidar mission, but at much higher spatial and temporal resolutions.
These lidar-based data products complement existing satellite image products, and should significantly advance our ability to characterize dynamics of canopy structure through time. They will also enable a deeper understanding of

global forest ecology and biodiversity.
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