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Abstract

Surface elevation estimates from high resolution spaceborne image (HRSI) stereogrammetry are
used to examine fine-scaled structure of boreal forest canopies. These data can depict detailed spatial
patterns of vertical forest structure at remote sites across the circumpolar domain where these estimates
would otherwise be unavailable. This work examines where these estimates are most effective at
describing vertical forest structure to explain which canopy surfaces they represent. We evaluated the
variation in canopy surface estimates captured from four general types of HRSI digital surface models
(DSMs) across the full range of boreal canopy cover. These DSMs, classified into 4 types by grouping
them according to the acquisition’s (1) sun elevation angle (low or high) and (2) seasonality-driven
ground surface condition (snow presence/absence), vary with acquisition characteristics and the details of
this variation continues to be studied. We explored some of this variation by comparing the distributions
of differences in boreal canopy percentile heights derived from reference small footprint lidar in Tanana
Valley, Alaska with canopy surface elevations derived from these 4 types of HRSI DSMs. We examined
how canopy surface estimates from HRSI DSMs differ according to acquisition characteristics and
canopy cover, and ultimately which canopy surfaces are represented in these DSMs. Our results help
clarify which boreal canopy surfaces are representative of those captured with HRSI DSMs. They show
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that in the Tanana Valley (1) DSMs grouped by sun elevation angle and ground surface condition provide
different surface estimates of boreal canopies; (2) the two DSM types that appear to most differently
capture boreal forest canopy surfaces are DSMs from snow-free images acquired at sun elevation angles <
30° (Low sun elev. & snow-free) and those with snow-cover at sun elevation angles > 30° (High sun elev.
& snow-free); (3) DSMs with snow most often do not capture upper canopy surfaces; (4) the “Low sun
elev. & snow-free” DSMs resolve surfaces that are most representative of upper canopy surfaces (dense
forests > 60% cover, 70th - 80th percentile heights); and (5) in the most dense forests (> 80% cover)
where canopy gaps are least likely to bias downward the average surface estimates, the snow-free DSM
types are representative of 70th - 80th percentile heights (“Low sun elev. & snow-free”) and 60th - 70th
percentile heights (“High sun elev. & snow-free”). The combination of horizontal structure (canopy
cover) and acquisition characteristics affect the boreal vertical structure (canopy surface height) estimates
from spaceborne stereogrammetry. These effects should be considered when analyzing products derived
from HRSI DSMs, and as part of a comprehensive approach to spaceborne remote sensing of circumpolar

boreal forests.

Introduction

Fine-scaled forest structure estimates reveal important variation in the structural patterns of
groups of trees that help regulate ecosystem dynamics in the high-latitudes (> 60° N). Near the northern
limit of trees, their spatial pattern may be a feature that helps explain changes at the forest tundra ecotone
(Harper et al., 2011). The aboveground biomass associated with these forests may constitute a relatively
small component of overall carbon stocks, but such structural attributes may be linked to thaw depth and
belowground carbon storage (Pan et al., 2011; Webb et al., 2017). Patterns of forest structure indicate
successional stages, revealing carbon accumulation characteristics in larch recovering from disturbances
(Alexander et al., 2012; Siewert et al., 2015). The structure of boreal forests, composed of horizontal
(eg., canopy cover) and vertical (eg., canopy surface height) characteristics, are required input to
initialize, update, and test predictions from ecosystem models that, particularly in high-latitudes, may
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uncover key processes associated with the climate-vegetation interactions (Forkel et al., 2016; Hurtt et al.,
2016; Shugart et al., 2010; Snyder and Liess, 2013; Wang et al., 2016).

Recent work has shown that three-dimensional (e.g., stereogrammetric) analysis of fine-scaled
spaceborne remote sensing data (i.e., high resolution spaceborne imagery; HRSI), or its airborne
counterpart, can provide detailed estimates of vertical forest structure (St-Onge et al. 2008, Bohlin et al.,
2012; Hawryto et al., 2017; Kattenborn et al., 2015; Montesano et al., 2017; Neigh et al., 2014; Puliti et
al., 2016; Vastaranta et al., 2014; Persson and Perko, 2016; Fassnacht et al., 2017; Immitzer et al., 2016).
However, important challenges remain that are associated with deriving these estimates at relevant spatial
scales from optical images. In particular, challenges arise from variations in the solar geometry of an
image acquisition, whereby this variation may affect estimates of forest structure through the increased
uncertainty of canopy surface height estimates. Shadows in images, and the associated decrease in
contrast, results in higher errors in elevation from stereogrammetric surface estimates (Honkavaara et al.,
2012). These shadows are more extensive at low sun elevation angles and in areas of greater terrain
relief. Low sun angles, however, can be a useful acquisition feature to exploit for capturing heights of
groups of trees in sparse forests (Montesano et al., 2017).

Sensor geometry can also affect the ability to capture forest structure. Broad differences in the
view angles of each image of a stereopair will limit the success of automated stereogrammetry routines as
correlation algorithms fail to find matching points between two images acquired from sufficiently
different viewing directions (Hobi et al., 2015; Wulder et al., 2008). Some studies report acquisition
parameters for the data in their study, which may provide some understanding of how stereopairs may
capture forest surfaces (Straub et al., 2013). However, such sun-sensor-target acquisition geometry
information is not yet routinely linked to forest structure estimates.

The uncertainty of stereogrammetric estimates of forest surfaces may also depend on the forest
structure itself. The vertical structure of sparse forests can be quantified with different types of DSMs
based on sun elevation angle because forest gaps are relatively large, and ground surface estimates are
possible (Montesano et al., 2017). However, in denser forest, estimates from airborne stereogrammetry

3
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do not resolve gaps well (White et al., 2018), and this limitation is exacerbated with stereopairs acquired
at low sun elevation angles. White et al (2018) suggest that occlusion and shadows limit detection of
gaps with digital aerial photogrammetric estimates. Poor gap detection will result in overestimates of
boreal forest canopy cover and volume and thus some structural attributes derived from stereogrammetry
are more reliably captured (e.g., stand dominant height) than others (e.g., growing stock volume)
(Jarnstedt et al., 2012).

The effects of HRSI acquisition characteristics on forest structure estimates can be pronounced in
high latitudes. In these regions, the short growing season features longer diurnal periods that enable
acquisitions across a broad range of sun elevation angles. As such, remote sensing with HRSI in high
latitude forests offers unique opportunities to examine the variability of structure estimates from these
data. These forests are sometimes comprised of open canopies where the ground is visible between
individual crowns, but this pattern of tree cover can vary widely. What may appear as open canopy forest
in terms of overall percent canopy cover at coarse scales (e.g., hundreds of meters) may manifest as a few
dense clusters of near continuous tree cover in an area otherwise devoid of forest. These differences in
forest structure appear as differences in images texture in HRSI (Beguet et al., 2014; Moskal and
Franklin, 2002).

Differences in forest structure need to be consistently captured across space to accurately describe
its pattern. This consistency is needed from products derived from a mosaic of individual DSMs with
different acquisition characteristics. The ArcticDEM is a land surface elevation product derived from
HRSI DSMs for the areas primarily above 60°N (Morin et al., 2016, http://arcticdem.org). This product,
posted at 2m spatial resolution, features stereogrammetric surface elevation estimates above a reference
ellipsoid compiled from along-track stereopair acquisitions of sub-meter panchromatic imagery from
sensors in the DigitalGlobe constellation (https://www.digitalglobe.com/about/our-constellation). These
data feature systematic vertical and horizontal offsets of generally around 3 - 5 m, and have a vertical
uncertainty of ~ 0.2 m after co-registration (Noh and Howat, 2015; Shean et al., 2016). The along-track
stereopairs are collected as strips ~ 17 km in the east-west direction, and ~ 110 km north-south. The
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ArcticDEM is a compilation of these strips acquired across a broad range of sun and sensor acquisition
characteristics, and ground conditions throughout all seasons. This dataset is being used in hydrologic and
forest structure studies (Dai et al., 2018; Dai and Howat, 2017; Meddens et al. 2018). The ArcticDEM
has forest canopy surface estimates included in the DEM product (Meddens et al. 2018). Extracting that
signal may require some prior knowledge of acquisition characteristics and forest structure. Because of
the challenges that arise from the variation in acquisition characteristics, the interpretation of estimates of
forest structure from HRSI DSMs may benefit from a general understanding of the forest structure in
guestion and the parameters of HRSI acquisitions. This may inform the uncertainty of DSM-derived
structure estimates, and serve as general purpose spatial masks for understanding where estimates are
most useful for explaining forest structure.

Despite challenges to the use of HRSI for forest structure estimates, there is significant potential
for using derived forest structure estimates for forest growth modelling and assessments of current carbon
patterns and fluxes. For example, HRSI may be used to improve continuous maps of above-ground
biomass density (AGB) derived from discontinuous estimates of AGB from lidar sampling. These data
can potentially be useful for filling in gaps in lidar coverage used for spatially detailed estimates of AGB
across broad scales. Additionally, these data may have value as potential supplements to existing forest
inventory plot and lidar data. The often sparse inventory data form the basis of modelling frameworks
that, when linked to forest structure derived from small footprint lidar, are used to predict AGB across
broad extents. These models can be improved with more forest structure information that can be used
either in cross-validation of modelled estimates of forest structure or for providing estimates where lidar
is absent, resulting in better model predictions of forest structure and its uncertainty (Babcock et al., 2018,
2015; Finley et al., 2017; Saarela et al. 2016; Puliti et al. 2018).

The objective of this work is to examine spaceborne DSM estimates of the vertical component of
boreal forest structure, the canopy surfaces. We examine these DSMs by grouping them according to
type, a combination of the solar elevation angle and the ground surface condition (snow presence or
absence) at the time of image acquisition. Our focus is to (1) assess which canopy surfaces within the
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vertical forest structure column are most representative of those canopy surfaces from the various DSM
types, and (2) examine how the canopy surfaces from these DSM estimates vary with forest canopy cover

and acquisition characteristics.

Methods
Overview

To address the objective of this work we chose study sites in the Tanana Inventory Unit (TIU)
across the Tanana Valley, Alaska, situated north and east of the Alaska Range. At these sites, small-
footprint airborne lidar and spaceborne DSMs provide recent (2012 — 2016) estimates of a range of
horizontal and vertical boreal forest structure (Figure 1a). The TIU is a part of interior Alaska where it’s
boreal (taiga) forests experience a continental climate and are composed primarily of species belonging to
the genus’ Picea, Larix, Betula or Populus (Stuart Chapin et al., 2006). The mosaic of forest structure
patterns (in terms of forest canopy cover, density, age, height, vertical distribution of canopy components,
etc.) in the TIU reflect the strong role that fire disturbance continues to have in the region, and provides
an opportunity to examine with HRSI a wide range of structural conditions. Here, examples of common
forest structure patterns feature trees arranged in sparse clusters, dense continuous canopies, standing
dead individual trees, and variable mosaics, all of which are linked to the complex interaction between
current site conditions and histories (Figure 1b). These forest structure patterns produce distinct textures
in HRSI and their associated DSMs.

For this study, we considered spatially coincident comparisons of reference lidar and HRSI DSMs
that provided forest structure samples across the full range of canopy cover. We describe (1) the
reference canopy structure estimates from airborne lidar, (2) the spaceborne canopy surface estimates
derived from stereogrammetry applied to HRSI stereopairs, and the grouping of these DSMs by
acquisition conditions, (3) the process of co-registering the reference airborne lidar digital terrain models
(DTMs) with the spaceborne DSMs, and (4) the process of compiling a database of differences between

DSMs and reference surfaces used in the analysis.
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Figure 1. (a) Study sites in the Tanana Valley, Alaska where reference lidar provided reference

measurements of horizontal and vertical forest structure for coincident strips of HRSI DSMs. (b) Aerial
images of acquired during the 2014 airborne survey of the TIU with a digital single-lens reflex camera
highlight a variety of forest structure patterns including (from left to right) small groups of conifers, dense
continuous canopy, dense canopy adjacent to standing dead and fallen trees, and heterogeneous canopy

cover.

Reference canopy surfaces from lidar
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The reference canopy surfaces from lidar provided estimates of canopy structure (height and
cover) against which DSM canopy surfaces were compared. They were derived from small-footprint
airborne lidar acquired by NASA Goddard’s Lidar, Hyperspectral and Thermal Imager (GLiHT; (Cook et
al., 2013); (Corp et al., 2015)) in the Tanana Valley in July - August 2014. These data were collected
with a strip-sampling approach along flightlines primarily oriented NE-SW, nominally 335 m above
ground, a footprint of ~ 10 cm in diameter, and a pulse density of ~ 4 m? with up to 8 lidar returns per
pulse, such that there was a maximum of 32 returns m2. However, for the forest structure captured in this
dataset ~ 2-3 returns per pulse is more typical, resulting in an expected lidar return density of ~ 8-12
returns m2, The strip-sampling was carried out as swaths ~ 250 m wide spaced at intervals ~ 9.3 km and
were designed specifically to capture and quantify the full range of horizontal and vertical forest structure
and AGB across the region.

The canopy height estimates describe the vertical structure of TIU forests. They are composed of
10 percentile heights (p10 — p100, in 10% increments) representing a variety of canopy surfaces
throughout the vertical canopy column. These surfaces, in meters above the lidar-derived digital terrain
model (DTM), describe the height below which the proportion of all lidar canopy returns (i.e., returns
classified as ‘tree”) within a pixel are found for a stated percentile increment. For these data, those returns
> 1.37 m above the DTM were classified as ‘tree’, and the percentile heights were calculated for pixels at
13 m resolution. This pixel size has an area equal to that of coincident US Forest Inventory Assessment
(FIA) subplots, and was not chosen specifically for this study. The p100 surface represents the height
estimate of the upper-most canopy surface, below which 100% of the ‘tree’ returns were recorded, while
the p10 is the canopy surface below which 10% of the ‘tree’ returns were recorded, and represented the
canopy surface closest to the ground.

The canopy cover estimates describe the horizontal structure of TIU forests. These estimates
describe the proportion of all returns that are classified as ‘tree’ on a per-pixel basis. This horizontal
structure provides important reference for understanding for examining how the vertical structure is
captured in the HRSI DSMs, because it provides an estimate of canopy density. The density of the

8
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canopy effects the apparent roughness of the canopy surfaces as seen in the HRSI data. Figure 2
summarizes forest structure measurements from reference lidar that coincide with HRSI DSMs used in
this study. The distribution of reference heights are shown according to 20 % bin canopy cover intervals
for 4 of the reference canopy surfaces across the TIU study domain. These reference lidar data provide
some context for the structure of forests within the TIU study domain, where the distribution of canopy

heights are very different depending on the canopy cover.

Reference canopy cover interval

81-100% 61-80% 41-60% 21-40% 1-20%

p10 | p40 | p70 I p100 |

N
w

)]
o

0.0% 0.5% 0.0% 0.5% 0.0% 0.5% 0.0% 0.5%
Frequency of observations

Reference canopy surface height (m)
o o o

Figure 2. Forest structure across the TIU study domain from reference lidar. The distributions of all
reference canopy surface heights for 4 of the 10 percentile heights colored by canopy cover interval
across the TIU study domain. Dashed lines and values in colored boxes show the median height values in

meters for the corresponding canopy cover intervals.

Spaceborne canopy surfaces from stereogrammetry

The spaceborne DSM canopy estimates used in this study were derived from two similar HRSI
stereogrammetry sources and grouped according to acquisition characteristics. These 2 sources provided
data that extended the seasonal domain of this study from winter through summer. Each DSM was

derived from Level 1B images acquired from DigitalGlobe’s Worldview 1, 2 or 3 satellites. DigitalGlobe



213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

provides these data at no-direct cost to U.S. Government agencies and non-profit organizations that
support U.S. interests via the NextView license agreement (Neigh et al., 2013). The spatial resolution of
these data depend on each acquisition’s degree of off-nadir pointing. The typical ranges of resolutions for
Worldview-1-2 data span 0.5 m - 0.7 m while that of Worldview-3 spans 0.3 m - 0.55 m. The
panchromatic data from each satellite that is used to derive DSMs have an 11 bit dynamic range, and span
the spectral ranges 400 nm — 900 nm (Worldview-1) and 450-800 nm (Worldview-2, 3).

The first source of DSM’s were those derived from snow-free HRSI that were selected and
processed for this study. We selected along-track HRSI stereopairs that matched metadata searches
within the TIU geographic coverage to identify primarily 1° HRSI “strips” (each ~17 km x 110 km) with
< 50% cloud-cover from months June - September from 2012 - 2016. These DSM were processed with
Ames Stereo Pipeline (ASP) v. 2.5.1 using a workflow similar to that described in Shean et al. 2016, with
algorithms and parameters described in Montesano et al. 2017, on the NASA Center for Climate
Simulation’s Advanced Data Analytics Platform at Goddard Space Flight Center (ADAPT,

https://www.nccs.nasa.gov/services/adapt) (Montesano et al., 2017; Shean et al., 2016). The routines in

ASP form a suite of automated tools for stereogrammetry designed to process spaceborne and airborne
stereo imagery. This processing yielded 12 DSMs at 1 m resolution derived from snow-free acquisitions
that were used in the analysis.

The second source of DSMs used in this study was that of the ArcticDEM v2 (release 3), a digital
surface model of the Arctic derived from stereo HRSI and open source stereogrammetry software (Porter
el a. 2018). These data were processing using the Surface Extraction from TIN-based Searchspace
Minimization (SETSM) software (Noh and Howat, 2017, 2015) and are provided as 2 m resolution 1°
strips, which were the basis for the larger ArcticDEM mosaic. These DSMs were selected from the set of
those previously processed across the TIU based on the timing and sun elevation angle of each
acquisition. These data spanned both winter and early spring across a range of sun elevation angles, and

provided 8 DSMs at 2 m resolution derived from acquisitions all with snow present.
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The DigitalGlobe archive offers image stereopairs that have been collected with a range of
acquisition characteristics associated with sun and sensor position and ground surface condition. These
characteristics may affect the canopy surface estimates of the derived DSMs. We grouped the DSMs
used in the canopy surface analysis into 2 categories according to the acquisitions sun elevation angle and
2 categories according to general ground surface condition. DSMs collected at sun elevation angles < 30°
were classified as ‘Low sun elev.” and those > 30 degrees as ‘High sun elev.” DSMs from images that
featured snow present across the majority of the ground surface were assigned a condition of ‘snow’,
while those with little or no snow cover were assigned a condition of ‘snow-free’. DSMs were grouped
according to their classification in each of these categories, creating 4 DSM types. The DSM type was

linked to each pixel in the database of pixel-level height values described above.

Co-registration of HRSI DSMs to reference lidar

HRSI DSMs generally feature horizontal and vertical errors < 5 m (DigitalGlobe, 2014). To
compare canopy surfaces of these DSMs to those from reference lidar, we co-registered DSMs to lidar by
first separating DSM into ground and canopy surfaces. The ground surfaces served as the basis for the
co-registration because we assume that ground surfaces serve as static control that did not change
between reference lidar and spaceborne DSM acquisitions, and because the differences between the
canopy surfaces in these two datasets are the focus of this work. The co-registration portion of the
analysis involved (1) identifying a mask of DSM ground surfaces and (2) using this mask to align the
ground surfaces of these DSMs with those of the reference DTM, and (3) removing outliers, to compile
the initial set of observations whose co-registration seemed sufficient to proceed with further canopy
surface analysis.

We identified HRSI DSM ground surfaces by applying a spatial mask of tree canopy cover
derived from reference lidar fractional tree cover estimates. This mask excluded all portions of each

DSM that corresponded to canopy cover > 0.05 %. The remaining areas, the ground mask, where those
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where pixels from the HRSI DSMs corresponded to those for which reference lidar indicated a near
ground surface.

Within this ground mask, we aligned DSM ground surfaces to those of the reference DTM. First,
we calculated offsets between the DSM and the reference DTM, using an iterative closest point algorithm
(point-to-point) in the ‘pc_align’ routine from Ames Stereo Pipeline. These offsets accounted for both
horizontal and vertical differences between the DSMs and the reference. We then applied a translation
based on these offsets to all DSM pixels, yielding a co-registered DSM.

To remove outliers, the co-registered near-ground surfaces of the given HRSI DSM were
differenced from the corresponding reference DTM. We removed pixels with differences >3 m, a
conservative threshold that accounted for portions of HRSI DSMs in which shadows may have reduced
contrast between adjacent pixels and for which the automated stereogrammetry routine may have returned
poor surface elevations estimates. The distribution of the differences from reference for each HRSI DSM
was examined to arrive at a final set of DSMs whose mean difference from reference was within +/- 1 m.
These steps increased the likelihood that the ground control surfaces were sufficiently aligned between
the reference and HRSI DSM data such that we had confidence in subsequent analyses of canopy surface
revealing actual differences between the coincident estimates of canopy surfaces instead of those

differences being an artifact of initial misregistration.

Compiling a database of DSM canopy surface differences

We compiled a database of DSM canopy surface differences from reference. First, we aggregated
DSMs surface estimates to the 13 m spatial resolution of the reference lidar, then we converted each DSM
surface estimate to a height above a DTM, and linked each estimate to canopy cover and DSM type
information. To convert DSM surfaces to heights above a DTM, we subtracted the ground surface
elevation of the reference DTM from the DSM. This step created preliminary canopy surface height
estimates (above the reference DTM) in forest patches where the canopy surfaces were derived
exclusively from HRSI DSMs. We then applied a secondary alignment step, to shift these preliminary
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DSM canopy surface heights, based on a gaussian analysis of the minimum peak of their distribution
(Montesano et al. 2017). We applied a 1 pixel buffer to remove forest patch edge pixels and then
calculated the difference of each DSM canopy surface height from the set of 10 corresponding reference
lidar percentile height estimates. To each of DSM canopy surface height, we assigned 2 canopy cover
estimates; one from reference lidar and one from a recent Landsat tree canopy cover product (Sexton et
al., 2013; Montesano et al., 2016).

These steps resulted in a database of canopy surface height difference observations (from
reference lidar percentile heights) for each pixel (a 13 m resolution aggregation of the original 1 m and 2
m DSM pixels). Each observation was essentially a stack of 10 difference values, corresponding to each
of the 10 reference percentile height surface (where each difference value maintained a link to the
nominal percentile height from which it was derived), and 2 percent canopy cover values that were then
grouped according to the DSM type. Finally, we reduced this database by extracting for each pixel (1) the
reference value among each of the 10 percentile heights that minimized the difference to the DSMs
canopy height estimate and (2) the name of the percentile height associated with that minimum difference.
For each observation, this reduction resulted in the minimum difference value from the set of DSM
differences from reference percentile heights. These served as the representative canopy surface

estimates from the HRSI DSMs.

Results

The HRSI DSMs co-registered to within +/- 1 m mean vertical difference of the static control
ground surfaces of the reference lidar DTMs in the TIU provided the set of observations used in this
analysis. These 20 DSMs provided 565,921 observations of DSM canopy surface heights above
reference DTM surfaces that were used in the comparison of DSM and reference lidar canopy surfaces.
For each DSM, Table 1 summarizes the type, sensor, acquisition date, tallies the number of observations

for each canopy cover interval, and the total number across all intervals. The differences of these DSM
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canopy surface height observations from reference surfaces were compiled into distributions discussed

below.

Table 1. List of HRSI DSMs from which observations of canopy surfaces were compared with those from
reference lidar in the TIU. The number of observations are summarized by canopy cover interval, and the

total is tallied for each DSM.

o # of DSM Observations per reference canopy
Acquisition cover interval (%) Total # of
DSM type Sensor date observations
(m/d/yyyy) | 1.20 21-40 41-60 61-80 81-100 | PerbDSM
WV-1 4/10/2013 959 98 809 156 1,010 3,032
High sun elev.
& snow WV-1 4/16/2013 71,314 3,744 2,444 3,490 12,604 93,596
WV-2 4/6/2016 17,468 5,136 924 2,902 3,438 29,868
WV-2 7/21/2015 27,020 4,542 2,910 3,878 6,662 45,012
WV-1 8/15/2012 31,180 1,974 1,313 1,205 2,717 38,389
WV-1 8/8/2014 22,189 1,364 441 492 12,535 37,021
High sun elev.
WV-1 6/17/2016 24,065 1,885 554 634 4,846 31,984
& snow-free
WV-2 5/22/2015 3,317 197 103 112 639 4,368
WV-2 6/23/2016 13,116 1,709 909 1,206 2,781 19,721
WV-3 6/18/2016 7,978 217 115 59 38 8,407
WV-1 3/31/2015 29,453 1,909 181 137 1,673 33,353
WV-1 4/15/2016 12,558 2,325 592 329 857 16,661
Low sun elev.
£ snow WV-2 1/28/2013 28,736 3,502 1,456 1,076 6,150 40,920
WV-2 2/27/2014 13,999 688 129 46 1,606 16,468
WV-3 2/13/2015 17,578 858 125 273 5,267 24,101
WV-1 6/13/2013 58,886 6,368 2,422 2,306 17,432 87,414
WV-1 6/17/2013 4,226 2,775 451 181 650 8,283
Low sun elev.
WV-2 6/9/2015 10,695 2,131 1,224 1,512 6,070 21,632
& snow-free
WV-2 7/11/2015 2,206 308 597 352 800 4,263
WV-2 6/30/2016 926 200 40 30 232 1,428

The distributions of differences between DSM canopy surfaces and lidar reveal a few general
patterns. Figure 3 shows these distributions as boxplots, grouped according to DSM type, arranged

vertically by canopy surface (percentile height), and faceted by canopy cover. The boxplots show that the
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338

distributions in DSM canopy surfaces from reference LiDAR change with DSM type and with canopy

cover. They also show that, generally, DSM forest surfaces underestimate the uppermost canopy surfaces

(p90 - p100). Third, the DSM estimates from data acquired during periods with snow cover show the

largest underestimates in moderate (40 - 60 %) and dense canopy cover (> 60%). In the TIU study area,

reference lidar indicate broad differences in canopy height distributions between the uppermost canopy

surfaces (p100) in dense relative to sparse (1 — 20 %) cover (reference median p100 heights are 17.9 m

and 5.9 m, respectively). In the facet representing sparse cover, these aggregate distributions show little

difference between estimates of canopy surfaces from the 4 DSM types. However, in the facets for dense

cover, the “High sun elev. & snow” DSMs feature the broadest distributions that underestimate canopies,

particularly for upper level canopy surfaces. These results show that where cover is most homogenous,

the differences in how DSMs estimate canopy surfaces are most apparent, whereas in very sparse and

likely more heterogeneous cover this study does not resolve such differences.

Distributions of differences between canopy surfaces

1-20% || 21-40% | 41-60%
p100 T = T o= R
e ! — ! =— 1
90 = = e~
p8o - - =
— : J— e —
p70 = e — Em
p60 j—: —:EF T =n
p50 .: .:'- =.'-
40 = i =
P [ ] | —
e T o
& p3o - = .
g - +|I +EE .
5 p20 [ - -
0w b p— v —
Z p10 = S =
(o] y  D—
g 61-80% \ 81-100% 15-12-9 6 -3 0 3 6 9 1215
8ptoo| ' T ——
g" = : —
@ P90 “— —
&) p80 — ——
— . — DSM Type
060 _— T E= High sun elev. & snow
50 [ —— B Low sun elev. & snow
pa0 — e igh sun elev. & snow-free
o e——— ——————
p30 e == e B Low sun elev. & snow-free
p20 | — 1 [}
p10 ! :—_ ! *_
Il I I

-15-12-9 -6 -3 0 3 6 9 1215

Difference from reference canopy surface (m)

kel

15



339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

Figure 3. Boxplots show the distributions of differences between HRSI DSMs and reference canopy

surfaces for each DSM type across 5 canopy cover intervals.

A summary of the central tendency and the variance of each distribution of differences provides
insight into the approximate position in the vertical canopy column of the HRSI DSM canopy surface
estimates. Figure 4 shows the median (left group) and the corresponding robust variance estimate
expressed as the normalized median absolute difference (NMAD:; right group) of each difference
distribution for each percentile height within each 20% canopy cover interval (Hohle and Hohle 2009).
The summary plots showing median values describe the similarity, or, the association of reference canopy
surfaces with those DSM canopy surfaces across type and canopy cover interval. The corresponding
NMAD plots convey the uncertainty associated with the median plots. Together, these summary plots
demonstrate how the summary statistics change with cover, canopy percentile height surface, and DSM
type.

Table 2 reports the representative canopy surfaces of HRSI DSMs. These surfaces are those
reference canopy percentile height surfaces most similar to (that minimize the difference with) the canopy
surfaces from HRSI DSMs. This table shows the 2 reference percentile heights that have the smallest and
2" smallest absolute median difference to the HRSI DSM canopy surfaces for each DSM type and
reference canopy cover interval. We note a few important observations about the representative canopy
surfaces from HRSI DSMs from this minimization. The medians of these distributions show that, in
general, “Low sun elev. & snow-free” DSM surfaces (Figure 4a, top left) in dense (> 60% cover) and
moderate (40 — 60% cover) canopies are most representative of reference p70 - p80 surfaces. The “High
sun elev. & snow-free” DSM surfaces (Figure 4a, top right) in dense canopies are most representative of
surfaces p50 — p70. The canopy surfaces from DSM types with snow are most representative of
percentile height surfaces representing lower canopy surface (p10 — p40) across all cover intervals.

The NMAD:s of the difference distributions provide some context for understanding and
weighting the estimates of representative surfaces. In dense canopy cover (> 60%), where DSMs with
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snow most significantly underestimate canopy surfaces, NMADs are largest. Those of near-ground
canopy surfaces (p10) are, on average, lowest for canopy cover < 40% from “High sun elev.” DSMs
(snow and snow-free). The NMADs of the most representative surface (p60) from the DSMs of type
“High sun elev. & snow-free” in the most dense cover interval is particularly large (6.68 m), whereas that

of the 2" most representative surface (p70) has a significantly smaller NMAD (1.34 m).

Summary of differences for each DSM Type, by canopy cover
Reference canopy cover interval
L o] o] o =0
81-100% 61-80% 41-60% 21-40% 1-20%

Median of differences Normalized median absolute deviation of differences
Low sun elev. & snow-free | | High sun elev. & snow-free Low sun elev. & snow-free | | High sun elev. & snow-free |
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Figure 4. The summary of distributions of differences between aggregated DSM canopy surface estimates
and those from reference lidar. Median (left group) and normalized median absolute deviation (right
group) of DSM differences from reference percentile height surfaces across each reference canopy cover

interval for 4 DSM types.

Table 2. Representative canopy surfaces of HRSI DSMs. These surfaces are those 2 reference percentile
heights that have the smallest absolute median difference to the HRSI DSM canopy surfaces for each

DSM type and reference canopy cover interval.

17



Representative canopy surfaces of HRSI DSMs

DSM tvpe R(z:;rsnce Most similar (1st minimum) Second most similar (2nd minimum)
vp Covepry Name | Median NMADof |\ [ Median NMAD of
difference (m) | difference (m) difference (m) difference (m)
1-20% pl10 -1.19 0.41 p20 0.25 1.8
High | 21-40% pl0 -0.95 0.49 p20 -1.42 0.5
'g&ssl:]r;fvev' 41-60% | p10 117 0.86 020 123 0.53
61-80% pl0 -2.16 1.72 p20 -1.64 1.07
81-100% pl0 -2.93 2.25 p20 -3.25 2.47
1-20% pl0 -1.28 0.36 p20 -4.69 3.68
High sun elev 21-40% pl0 -0.99 0.7 p20 -1.47 0.44
pao ooy | 4160% | p20 -1.06 0.56 p10 -1.27 0.75
61-80% p50 -0.44 1.34 p60 -1.24 0.56
81-100% p60 0.34 6.68 p70 -0.72 1.34
1-20% pl0 -0.67 1.09 p20 -0.98 7.09
Low sun elev 21-40% pl0 -0.14 1.77 p20 -0.83 1.09
2 snow | 4160% | p30 0.16 2.98 p40 0.24 2.16
61-80% p30 0.09 3.48 p40 -0.23 2.97
81-100% pl0 -0.07 2.1 p20 -0.58 3.52
1-20% pl0 0.15 2.17 p20 -0.63 2.04
Low sun elev 21-40% p40 0.36 1.74 p30 -0.42 1.75
& snow—free. 41-60% p70 0.24 2.13 p80 0.54 2.67
61-80% p70 0.24 2.97 p80 -0.5 2.1
81-100% p80 -0.39 2.49 p70 -0.61 2.7
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they are so with the greatest differences from them.
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Figure 5 summarizes the proportions of representative canopy surfaces for each type of HRSI
DSMs, showing (1) how representative these surfaces are of the various reference percentile heights, and
(2) the pattern of representative canopy surfaces across cover intervals. The top row of the figure shows
the distribution of the minimized differences of all the representative surfaces compiled for the set of
DSMs in this study. Most minimized differences are < 1 m from the closest reference percentlie height
canopy surface in TIU forests. The primary differences in the distributions from each type of DSM are in
both the shape of the distributions associated with p10 surfaces (the closest canopy surface to the ground)
and in the relative proportion of each canopy surface that accounts for the minimized difference (the most

similar surface). When the p10 surfaces are most representative of canopy surfaces from HRSI DSMs,




390 The middle and bottom rows show the pattern of representative canopy surfaces across reference
391 and Landsat canopy cover intervals, and the extent to which canopy cover influences DSM estimates of
392  canopy surfaces. The proportion of canopy surfaces that are most similar to surfaces from HRSI DSMs
393  vary with canopy cover, and this variation differs with DSM type. Here, for each DSM type, the

394  proportions of the reference canopy percentile height surfaces are shown for each 10 % bin of reference
395  canopy cover. Under the same ground conditions, the differences in per-bin proportional contributions
396 are particularly apparent between the 2 ‘snow-free’ types of DSMs in sparse (canopy cover 1 -20 %) and
397  open canopy (canopy cover 21 - 40 %) forests. Between these two types of DSMs in sparse and open
398 canopies, reference surfaces from the upper canopy (p60 - p100) account for very different proportions of
399 the total set of reference surfaces most similar to those from the DSMs. These upper-canopy surfaces
400  account for 2 % of the total for “High sun elev. & snow-free ” DSMs, while accounting for 29 % of the
401  total for “Low sun elev. & snow-free” DSMs. The proportions of these upper-canopy surfaces between
402  these two types of snow-free DSMs begin to look more similar > 60 % canopy cover (46 % and 63 %,
403  respectively, for “High sun elev. & snow-free” and “Low sun elev. & snow-free” DSMs). Thus, as

404  canopy cover decreases, the estimates of canopy surfaces from DSMs acquired under different sun

405  elevations increasingly diverge.

406 Ground surface condition is also linked to divergent DSM estimates of canopy surfaces. Large
407  differences in these proportions appear between snow and snow-free DSMs. Of those DSMs with snow,
408  those of type “High sun elev. & snow” have proportionally very few surfaces that are closely associated
409  with the upper canopy in both sparse and open canopies (1 %) and dense canopies (2 %). Furthermore,
410  across all canopy cover for DSMs with snow, 94 % (“High sun elev. & snow”) and 78 % (“Low sun elev.
411 & snow”) of the DSM canopy surfaces are most similar to that which is nearest to ground (p10). In this
412  study, when snow covered the ground in the images used to generate HRSI DSMs, upper-canopy surfaces
413  were less frequently captured, particularly in sparse and open canopies.

414 Spaceborne estimates of canopy cover from Landsat reveal similar patterns of divergence

415  between canopy surface estimates of the various DSM types. Figure 5 (bottom row) shows the proportion
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of reference canopy surfaces most similar to those from HRSI DSMs for tree cover intervals derived from
Landsat, where estimates of cover were calibrated to account for tree canopies greater than 2 m tall
(Montesano et al., 2016). The proportions in tree cover intervals > 70 % cover were based on very few

observations (n < 30), and thus excluded from the figure.

How HRSI DSMs estimate boreal canopies: the proportions of representative canopy surfaces of HRS| DSMs
The distribution of differences of representative surfaces
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Figure 5. Representative canopy surfaces of HRSI DSMs in the TIU boreal study domain. (Top row) The
distribution of the differences between HRSI DSM boreal forest canopy surfaces and reference for all
representative surfaces. (Middle and bottom row) The relative proportions of representative canopy

surfaces across canopy cover intervals from (a) reference canopy and (b) calibrated Landsat canopy cover
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(Montesano et al., 2016). Note: Landsat tree canopy cover bins > 70 % each had fewer than 30

observations.

The 3 example sites in Figure 6 highlight the spatial variation in the representative canopy
surfaces of HRSI DSMs. In this example, a reference canopy cover map provides context for the canopy
surfaces (percentile heights) maps that are most representative of DSM canopy surface estimates at 3
different sites (rows in the figure). Site 1 features a case where dense cover is represented primarily with
a 10" percentile height surface, and less dense cover with upper canopy surfaces, from a DSM of type
“Low sun elev. & snow” while the corresponding snow-free results show generally the inverse. The
center panel “Low sun elev. & snow” example at this site demonstrates how the combined effects of
variable light conditions, snow, and topography (not shown) can make for particularly difficult
interpretation of canopy surface estimates. Site 2 features more variable forest cover where the “Low sun
elev. & snow-free” DSM captures upper canopy surfaces in dense and moderate cover where the “High
sun elev. & snow” DSM does not. Site 3 shows canopy surfaces from a DSM of type “High sun elev. &
snow” DSM along with one of type “High sun elev. & snow-free”. In particular, this site illustrates the
differences in the canopy surfaces that are captured by these two different DSMs in areas of dense forest
cover, where the DSM with snow present features surface estimates most similar to the 10th percentile
height surface. These examples at these sites do not show where patterns of representative surfaces may

be affected by topographic effects such as local viewing and solar geometry.
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Figure 6. Examples of representative canopy surfaces of HRSI DSMs at 3 sites in the study area show
how the variations in both canopy cover and DSM type are associated with variations in the boreal
canopy surfaces they capture. For each site, the reference canopy cover (left column) is shown for the
corresponding representative surfaces from 2 DSM types: with snow (middle column) and snow-free

(right column).

Discussion

These results demonstrate the significant variation in boreal canopy surfaces that exists among
HRSI DSMs. These data provide insight into which boreal forest canopy surfaces are captured in 4
general types of DSMs derived from automated stereogrammetry available in the archive of DigitalGlobe

along-track stereopairs. We show that there is variability in the types of vertical canopy surfaces
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estimated from DSMs and that this variability has a temporal and spatial component. Temporally, the
variability depends on the type of DSM described by an acquisition’s solar information (solar elevation
angle) and seasonality, which may include ground condition and vegetation phenology. The spatial
variability is associated with the density of the forest canopy cover. Altogether, the DSM difference
estimates and the representative surfaces provide a general understanding of the canopies that are
captured with the variety of DSMs in this study, and which represent significant cohorts of data available

in the broader DigitalGlobe archive.

Boreal canopy surfaces from HRSI DSMs

For boreal canopy surfaces from HRSI DSMs, the results show that in the Tanana Valley (1)
DSMs grouped by sun elevation angle and the presence of snow provide different surface estimates for
boreal canopies, (2) the two DSM types that appear to most differently capture boreal forest canopy
surfaces are the type “Low sun elev. & snow-free” and “High sun elev. & snow”, (3) that DSMs with
snow less frequently capture upper canopy surfaces, (4) the “Low sun elev. & snow-free” DSMs provide
surfaces, on average, that are most similar to upper-canopy surfaces (dense forests > 60% cover, 70th -
80th percentile heights), and (5) in the most dense forests (> 80% cover) where canopy gaps are least
likely to bias downward the average surface estimates from the 13 m pixels, the snow-free DSM types are
most closely associated with 70th - 80th percentile heights (“Low sun elev. & snow-free””) and 60th - 70th
percentile heights (“High sun elev. & snow-free”). These results can be used to guide the acquisition and
application of HRSI DSMs and their estimates for characterizing boreal forest structure, and to inform the
interpretation of boreal forest surfaces from these data and their derived products.

In this study, snow-free DSMs provided the best representation of upper-canopy surfaces. These
DSM canopy surface estimates range from 60th - 80th percentile heights and this range among snow-free
DSMs from low and high sun elevation acquisitions is difficult to fully explain with this analysis.
Differences in the shadowing or occlusion of canopy gaps may account for the differences in the
percentile heights that are most closely associated with the DSMs’ respective canopy surfaces. The 13 m
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resolution of the reference data determined the DSM resolution of analysis, and the extent to which pixels
mixed their surface estimates from upper and lower canopies. In the most dense canopies, DSM estimates
are less likely to come from lower in the canopies, so the estimates in dense canopies (where cover is
often nearly continuous at the resolution of this analysis) may provide the clearest explanation of which
vertical portion of the canopy surface distribution accounts for the canopy surfaces that are captured when

100% of a given pixel is forest canopy, irrespective of pixel size.

Features of seasonality, geometry as a source of uncertainty

These results are most applicable for boreal forests in high latitude regions where acquisitions
cover a range of sun elevation angles, underneath a range of forest canopies, with conditions that differ
based on features of seasonality and local viewing and solar geometry. These features may contribute to
the overall uncertainty of the estimates of forest canopy surfaces, and, in particular may account for some
of the DSM underestimation.

In this study, we identify the presence of snow as determining a general type of DSM. This is
because snow influences the local contrast between features of interest (i.e., trees) and the ground. The
presence of snow is one component of seasonality of the image scene, the full scope of which is not
entirely handled in this analysis. The presence of snow in an image scene may have at least 2 effects.
First, it may affect the co-registration between ground control surfaces where the depth of the snow raises
the ground surface relative to the canopy, resulting in greater underestimation of canopy surfaces. Indeed,
our results show greater underestimation of canopy surfaces from DSMs with snow. Second, it implies
the leaf-off state of deciduous vegetation, which is a prominent portion of the forest patches across the
TIU. It is noteworthy that DSM types with snow may poorly represent forest canopy surfaces not only
because of the reduced contrast of well-illuminated forest surfaces with bright snow, but also because of
the reduced ability of images to resolve deciduous forest surfaces without their leaves. Furthermore,
DSMs without snow may still underestimate deciduous canopy surfaces if data were acquired before
leaves have fully emerged. We note that further dividing forest canopy cover into deciduous and
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coniferous types, and better constraining acquisitions based on vegetation phonology, could improve
understanding of DSM underestimates.

Our results do not fully address the geometric component of DSM canopy surface variation. This
study’s general grouping of DSMs according to solar geometry does not enable a detailed understanding
of how the geometry of local solar and viewing angles influence canopy surface estimates from
automated stereogrammetry. There is likely significant local sun elevation angle effects that mix
contributions from terrain aspect, slope, and viewing geometry to the overall uncertainty of these
estimates. Ultimately, geometric-optical radiative transfer modelling of simulated canopy surfaces of
varying densities may provide the clearest accounting of the relative weights of these acquisition
characteristics on canopy surface estimates (Yin et al., 2015). Stereogrammetry applied to these
simulated surfaces will likely provide a means of producing canopy surface bias corrections that are forest
pattern or image texture specific, and can then be applied in a geographic weighting scheme to provide
spatially explicit forest structure corrections to address variations in canopy surface estimates from

different local geometry.

Canopy surface estimates in low canopy cover

In low canopy cover (< 40%), where trees can either be arranged sparsely or in infrequent small,
dense clusters, these aggregate distributions do not resolve differences in estimates of canopy surfaces
from the 4 DSM types. This lack of resolution is one potential source of the underestimation of canopy
surfaces in low canopy cover, and agree with other recent stereo-derived canopy surface results (Ni et al.,
2018). Underestimates in this portion of domain may account for the increased proportion of the p10
surface being the most representative of surfaces provided by the DSMs. The distributions of these p10
underestimates show peaks between 1 - 2 m for the subset of the domain < 40% canopy cover for which
reference data indicate a median p100 canopy surface height of ~ 6 m. We know from previous work
(Montesano et al. 2017) that DSMs from images acquired at low sun elevation angles reveal upper canopy
surfaces at fine scales. However, the 13 m resolution of this analysis was not designed to resolve the
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detailed patterns of canopy in sparse and heterogeneous cover conditions, where there is likely significant
sup-pixel heterogeneity in forest structure. This trade-off in horizontal spatial resolution was made in
order to have sufficient vertical resolution. The 10 canopy percentile height surfaces provided important
insight into which portion of the vertical column of canopy surfaces are most representative of surfaces in

the 4 types of DSMs where cover is generally homogenous.

Informing the use of boreal forest surface estimates from HRSI DSMs

It is important to recognize differences in DSM estimates of boreal canopies in order to
accurately interpret the direct estimates of canopy surfaces and model forest structure characteristics. Our
results suggest that forest cover, in part, determines which vertical canopy surfaces in boreal forests are
resolved. Forest cover is associated with the likelihood that forest surfaces from HRSI DSMs describe
the upper portions of boreal forest canopies. At our study sites, the denser the forest cover, the more
likely that HRSI DSMs estimates described canopy surfaces at the higher end of surfaces within the 60th -
80th percentile heights range. Therefore, prior knowledge of forest cover may provide a means for
anticipating which canopy surfaces are representative of DSM surfaces in forested areas. This could be a
useful component of a multi-scale, multi-sensor geostatistical framework for estimating carbon stocks
outside of forest structure estimates from either high fidelity swaths of airborne lidar or lidar footprint
samples. In fact, using prior forest cover estimates to understand HRSI DSM-derived height canopy
surfaces would extend the “Landsat-as-prior” methodology that are already part of such frameworks
(Babcock et al., 2018).

Ultimately, standardizing the canopy surface estimation from these DSMs will simplify the
interpretation of, and the modelling with, these DSM canopy surfaces. This can be done by either
constraining the range of acquisitions, selecting only for certain acquisitions that will provide canopy
estimates that can be well understood, or correcting for the differences in estimates that arise with

different canopy cover and sun-sensor-target geometry. Without this prior understanding of these forest
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structure and acquisition details, models that use forest structure estimates from these DSMs could yield

more uncertain results.

Informing the interpretation of forests from the ArcticDEM

The results show that different types of DSMs provide estimates of different canopy surfaces
where forest canopy is present. This is important to recognize in light of the availability of the
ArcticDEM, its potential for forest structure characterization across Arctic and sub-arctic forests, and the
variety of DSMs that have been used to generate this pan-Arctic product. Our results suggest that the
forest canopy signal that is embedded in this product will likely be spatially inconsistent, and this
inconsistency is driven in part by the differences in how automated stereogrammetry routines estimate
surface elevations from DigitalGlobe data of forest canopies when their surfaces, illumination conditions,
and their ground conditions vary. This inconsistency in the product’s interpretation of forest surfaces will
have implications for the broad-scale interpretation of consistent forest structure characteristics. These
forests feature a wide range of important structural characteristics in terms of density, height and spatial
pattern, and their interpretation will vary depending on the individual of group of DSMs used to compile
the surface estimate coincident with the forest canopies. Since these HRSI DSM data and derived
products offer some of the first glimpses of fine-scaled structural patterns across broad and remote Arctic
forests, they can provide new opportunities for understanding the spatial distribution of forest dynamics if
we can account for how these forest surface estimates will vary, and control that variation to improve the

consistency of forest surface estimates across the boreal domain.

Conclusions

We explored the variation of HRSI DSM estimates of boreal canopy surfaces by comparing the
distributions of differences in boreal canopy percentile heights derived from reference small footprint
lidar in Tanana Valley, Alaska with surface elevations derived from these 4 types of HRSI DSMs. We
examined the relationship in the variability of canopy surface estimates from HRSI DSMs to acquisition
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information and canopy cover. Our results help clarify which boreal canopy surfaces are representative of
those captured with HRSI DSMs. They show that in the Tanana Valley (1) DSMs grouped by sun
elevation angle and the presence of snow provide different surface estimates for boreal canopies in dense
cover; (2) the two DSM types that appear to most differently capture boreal forest canopy surfaces are
DSMs from snow-free images acquired at sun elevation angles < 30 (“Low sun elev. & snow-free”) and
those with snow-cover at sun elevation angles > 30 (“High sun elev. & snow-free”); (3) DSMs with snow
most often do not capture upper canopy surfaces; (4) the “Low sun elev. & snow-free” DSMs provide
surfaces, on average, that are most representative of upper canopy surfaces (dense forests > 60% cover,
70th - 80th percentile heights); and (5) in the most dense forests (> 80% cover) where canopy gaps are
least likely to bias downward the average surface estimates, snow-free DSM types are most representative
of 70" - 80th percentile heights (“Low sun elev. & snow-free”) and 60th - 70th percentile heights (“High
sun elev. & snow-free”). The combination of horizontal forest structure and acquisition characteristics
affect the vertical structure estimates of boreal canopy surface from spaceborne stereogrammetry. These
affects should be considered when analyzing forest structure derived from HRSI DSMs, and as part of a

comprehensive approach to spaceborne remote sensing of circumpolar boreal forests.
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Captions for Figures

Figure 1. (a) Study sites in the Tanana Valley, Alaska where reference lidar provided reference
measurements of horizontal and vertical forest structure for coincident strips of HRSI DSMs. (b) Aerial
images of acquired during the 2014 airborne survey of the TIU with a digital single-lens reflex camera
highlight a variety of forest structure patterns including (from left to right) small groups of conifers, dense
continuous canopy, dense canopy adjacent to standing dead and fallen trees, and heterogeneous canopy

cover.
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Figure 2. Forest structure across the TIU study domain from reference lidar. The distributions of all
reference canopy surface heights for 4 of the 10 percentile heights colored by canopy cover interval
across the TIU study domain. Dashed lines and values in colored boxes show the median height values in

meters for the corresponding canopy cover intervals.

Figure 3. Boxplots show the distributions of differences between HRSI DSMs and reference canopy

surfaces for each DSM type across 5 canopy cover intervals.

Figure 4. The summary of distributions of differences between aggregated DSM canopy surface estimates
and those from reference lidar. Median (left group) and normalized median absolute deviation (right
group) of DSM differences from reference percentile height surfaces across each reference canopy cover

interval for 4 DSM types.

Figure 5. Representative canopy surfaces of HRSI DSMs in the TIU boreal study domain. (Top row) The
distribution of the differences between HRSI DSM boreal forest canopy surfaces and reference for all
representative surfaces. (Middle and bottom row) The relative proportions of representative canopy
surfaces across canopy cover intervals from (a) reference canopy and (b) calibrated Landsat canopy cover
(Montesano et al., 2016). Note: Landsat tree canopy cover bins > 70 % each had fewer than 30

observations.

Figure 6. Examples of representative canopy surfaces of HRSI DSMs at 3 sites in the study area show
how the variations in both canopy cover and DSM type are associated with variations in the boreal
canopy surfaces they capture. For each site, the reference canopy cover (left column) is shown for the
corresponding representative surfaces from 2 DSM types: with snow (middle column) and snow-free
(right column).
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