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ABSTRACT ARTICLE HISTORY
Monitoring aboveground biomass (AGB) is critical for carbon reporting and quantifying Received 11 February 2024
ecosystem change. AGB from field data can be scaled to the region using airborne lidar. ~ Accepted 21 June 2024
However, lidar-based AGB products emphasize upland forests, which may not represent the

conditions in rapidly changing peatland complexes in the southern Taiga of western Canada.

In addition, to ensure that modeled AGB changes do not incorporate systematic error due to

differences between older and newer lidar technologies, model transfer tests are required.

The aim of this study was to develop one bi-temporal lidar-based AGB model applicable to

(1) vegetation structures at varying vertical and horizontal continuity in this region and to (2)

data collected with an earlier generation lidar system for which Canada-wide aerial coverage

is available. Goodness-of-fit metrics show that AGB can be modeled with moderate (R? =

48%-58% Taiga Shield, peatlands) to high accuracies (R?> = 83%-89% Taiga Plains, upland/

permafrost plateau forests including ecotones) by using the point clouds average height and

90th height percentile within a weighted approach as function of modeled AGB and

calibrating the earlier lidar data. These results are important for quantifying climate change

effects on forest to peatland ecotones.

RESUME

Le suivi de la biomasse aérienne (BA) est essentiel pour la comptabilisation du carbone et la
quantification des changements dans les écosystemes. Les données de BA terrain peuvent
étre spatialisées a l'aide du lidar aéroporté. Cependant, les produits BA basés sur le lidar
mettent l'accent sur les foréts de plateaux, qui ne représentent peut-étre pas les conditions
de milieux humides en évolution rapide dans le sud de la taiga de l'ouest du Canada. De
plus, pour garantir que les BA modélisées n'integrent pas d'erreurs systématiques dues aux
différences entre les technologies lidar plus anciennes et plus récentes, des tests de transfert
de modeéles sont nécessaires. Le but de cette étude était de développer un modele BA
bitemporal basé sur le lidar applicable aux (1) structures végétales a continuité verticale et
horizontale variable dans cette région et (2) aux données collectées avec un systéme lidar de
génération antérieure pour lequel une large couverture aérienne est disponible au Canada.
Les résultats montrent que la BA peut étre modélisée avec des précisions modérées (R?> = 48
a 58% pour le bouclier de la taiga, tourbiéres) a élevées (R?> = 83 a 89% pour les plaines de
la taiga, les écotones incluant les foréts de plateaux) en utilisant le hauteur moyenne des
nuages de points et le 90e percentile de la hauteur avec une approche pondérée en fonction
de la BA modélisée et du calibrage des données lidars antérieures. Ces résultats sont
importants pour quantifier les effets du changement climatique sur les écotones de foréts et
de milieux humides.

Introduction in plant material. As such, AGB is an essential con-
stituent of gross primary production (GPP) (Chapin
et al. 2006) providing a means to quantify components
the dry weight of live terrestrial vegetation above the  of the carbon cycle of terrestrial ecosystems as well
soil surface, of which ~50% is sequestered as carbon  as short- and long-term changes to this store when

Aboveground biomass (AGB) is commonly defined as
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measured over time. AGB is therefore an Essential
Climate Variable (ECV), critical for improving under-
standing of Earth system cycles (Duncanson et al.
2019; GCOS 2010; Herold et al. 2019) and a necessary
part of international carbon reporting frameworks
(Hopkinson et al. 2016a). For example, the total global
carbon uptake of forests between 1990 and 2007 was
equivalent to 60% of the cumulative anthropogenic
carbon emissions. This was driven by temperate and
boreal forests due to carbon sink offsets in tropical
forests (Pan et al. 2011). However, changes in climate
and disturbance regimes negatively impact the poten-
tial of forests to function as carbon sinks (Bonan
2015), especially in the boreal biome (Gauthier et al.
2014; Price et al. 2013). Changes in the boreal forest
carbon balance directly affect global mitigation and
adaption strategies to climate change (IPCC 2023;
Kurz et al. 2013). To fulfill carbon reporting obliga-
tions, repeat national field inventory measurements
(e.g. Gillis et al. 2005) are integrated with remote
sensing data (Coops et al. 2021; Wulder et al. 2012)
or statistical and process models (Pan et al. 2011) to
derive local to regional information on increased (veg-
etation growth) and decreased (mortality) plant car-
bon stocks over time. Light detection and ranging
(lidar) sensors on ground-based or aerial platforms
have produced accurate vegetation structural and AGB
estimates in forests (Coops et al. 2021; Hopkinson
et al. 2004, 2006; Wulder et al. 2012; Xi et al. 2020).
Furthermore, airborne lidar-based vegetation structure
and AGB integrated with field plots, allometry, aerial
photographs (Chasmer et al. 2011), eddy covariance
(Chasmer et al. 2008; Hopkinson et al. 2016a), and
satellite imagery (Luther et al. 2019; Matasci et al.
2018) reduce spatial uncertainties in AGB accumula-
tion across broader regions. A detailed review of the
evolution and application of lidar within forestry con-
texts in Canada can be found in Wulder et al. (2012)
and Coops et al. (2021).

Within the next decade, multiple spaceborne plat-
forms will be launched for scaling AGB from forest
inventory plots to the globe (Herold et al. 2019), such
as the Biomass mission (European Space Agency) and
the Multi-footprint Observation LIDAR and Imager
mission (MOLI, Japan Aerospace Exploration Agency).
These are in addition to currently available Global
Ecosystem Dynamics Instrument (GEDI, National
Aeronautics and Space Administration (NASA) and
University of Maryland) and Ice, Cloud, and Land
Elevation Satellite 2 (ICESat-2, NASA) data. Examples
of such scaling efforts within boreal forests are pre-
sented in Castilla et al. (2022) and Mahoney et al.
(2018). The consistent validation of these global

wall-to-wall AGB products will be a challenge due to
limited high-quality reference data with well-reported
uncertainties (available to the public), and error prop-
agation of allometric equations (Duncanson et al.
2019). AGB maps derived from airborne or terrestrial
lidar have been proposed as a means for consistent
validation of spaceborne products (Duncanson et al.
2019; Wulder et al. 2012). However, lidar AGB prod-
ucts evolved primarily out of commercial forestry
needs and as such, are predominantly produced for
upland forest ecosystems (Neesset and Gobakken 2008;
Wulder et al. 2012). Typically these under-represent
vegetation attributes in dynamic peatland complexes
dominated by short-stature vegetation (shrubs and
juvenile/low productive trees) and in upland forest
understories, although considered in some studies (e.g.
Poley et al. 2020; Wagers et al. 2021). Yet, to achieve
a holistic understanding of, and to accurately quantify
changing boreal ecosystem carbon stocks, short-stature
vegetation should be accounted for in AGB products
and in carbon reporting obligations for the following
reasons:

1. Although the largest standing AGB stocks are
found in trees (Bonan 2015; Kristensen et al.
2015), short-stature vegetation, such as shrubs
growing in the forest understory, reach >50%
of the net primary productivity levels of trees
due to rapid turnover rates (Nilsson and Wardle
2005).

2. The high contribution to litterfall as a pathway
for nutrient input strongly influences surround-
ing tree establishment and growth (Bonan
2015; Nilsson and Wardle 2005).

3. With increasing wildland fire frequency, sever-
ity, and area burned in Canada (Flannigan
et al. 2005; Kasischke and Turetsky 2006; Price
et al. 2013), a growing proportion of boreal
ecosystems are at early successional stages
dominated by short-stature vegetation.

4. Due to permafrost thaw and subsequent
changes in hydrological drainage patterns in
discontinuous to sporadic permafrost environ-
ments in northwestern Canada (Carpino et al.
2018, 2021; Connon et al. 2014, 2015; Quinton
et al. 2019), the most rapid ecosystem changes
occur within peatland complexes, such as low
productive forests on permafrost plateaus, peat-
lands, and ecotonal areas (e.g. Chasmer and
Hopkinson 2017).

Furthermore, the use of airborne lidar AGB prod-
ucts for consistent spaceborne AGB validation will



require repeat lidar surveys across multiple vegetation
growth years to quantify uncertainties of plant growth/
mortality as a function of time (e.g. Hopkinson et al.
2008) and to reduce uncertainties in vegetation
dynamics that could support sustainable forest man-
agement (Tompalski et al. 2018). Such dynamics are
often monitored by coincident comparisons over time
(e.g. using bi-temporal and multi-temporal data) or
by space-for-time approaches, which can be useful to
determine rates of vegetation change following dis-
turbance. In the latter case, changes with different
years since disturbance (Enayetullah et al. 2023) rep-
resent rates of growth and mortality related to early;
mid; and later successional phases. However, this
assumes that changes in environmental conditions are
negligible across post-disturbance vegetation change
regimes, as illustrated in numerous studies. For exam-
ple, Auestad et al. (2023) showed that environmental
variables contribute greatly to rates of change and
vary between sites, thus confounding comparisons
using space-fore-time approaches. Wu et al. (2022)
found that local environmental influences on white
spruce growth rates were sometimes greater than the
temporal rate of change associated with age. This can
contribute to over- or under-estimation of response
to climate change.

Coincident temporal comparisons between datasets
remove the limitations of space-for-time transferability
of growth/mortality rates associated with differences
in environmental drivers between sites, though are
more costly to collect and may introduce systematic
error in point cloud distribution when using less tem-
porally stable metrics (e.g. described in Hopkinson
et al. 2016b). With regards to airborne lidar data
collected in this study (described below), bi-temporal
data are useful, especially when longer time periods
between lidar data collections are available. These are
required to quantify both changes in slower rates of
growth/mortality of conifer and deciduous trees, and
more rapid rates of shrubs and juvenile trees, espe-
cially in relatively low productivity northern forests
and peatlands over broad areas and with varying envi-
ronmental influences on plant growth/mortality.
However, multi-year airborne lidar data are often col-
lected by different sensors due to ongoing advances
in commercial lidar technology (Hopkinson et al.
2016b). When used for the quantification of subtle
ecosystem changes, like canopy height through time,
each generation of lidar sensor will display unique
observation characteristics, leading to variable levels
of measurement uncertainty and potential systematic
errors (Hopkinson et al. 2016b). Such errors can result
from differences in laser pulse energy and footprint
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differences (Hopkinson 2007), point cloud density
(Lim et al. 2008), or canopy penetration and pulse
timing efficiencies (Chasmer et al. 2006; Hopkinson
2007; Neesset 2009). Further systematic errors due to
differences in lidar survey parameters (e.g. flying alti-
tude and speed) and sensor calibration can be
addressed at the mission planning stage, and differ-
ences in geospatial point cloud locations can be reg-
istered during post-processing (Hopkinson et al. 2008).

While studies investigated the effects of different
lidar sensors on forest canopy metrics (Hopkinson
et al. 2016b; Lim et al. 2008; Nasset 2009), AGB
model transfer across sensors is less explored and is
not considered in AGB models for short-stature veg-
etation that are often characterized by less stable met-
rics (e.g. height percentiles <75).

The objectives of this study were two-fold: (1) To
facilitate short- to tall-stature AGB mapping in
under-represented ecosystems within the global climate
system, we tested airborne lidar height and cover met-
rics across (a) the Taiga Plains and Shield ecozones in
western Canada, and (b) forests growing within uplands
and peat plateaus underlain by permafrost, peatlands,
and forest to peatland ecotones. (2) To better under-
stand the effects of technological differences between
two lidar sensors on observed vegetation height and
modeled AGB, we tested model transferability from a
low-density single channel to a high-density
multi-channel lidar sensor. To enable the quantification
of AGB change across varying vegetation structures
from different lidar sensors, the aim of this study was
to develop a single AGB model for shrubs, juvenile to
mature trees, low productive trees, and a mix thereof
(herein referred to as ‘bi-temporal shrub-to-tree AGB
model’). Addressing these goals will further enable
research into the magnitudes and rates of ecotonal
AGB and plant carbon increases and decreases that
occur at the boundaries of advancing or receding land-
covers, which are responding most rapidly to climatic-
or disturbance-based changes. The AGB model transfer
tests employed in this study can be used as examples
for future studies aiming to compare AGB products
across different generation lidar systems, such as sys-
tems with higher pulse repetition frequencies, and
multi-channel or photon counting capabilities.

Methods
Study area

The study was conducted in the southern Taiga,
Northwest Territories, Canada, underlain by sporadic
to discontinuous permafrost (Figure 1) across a
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Figure 1. Study area of 2018, 2019 field measurements and airborne lidar transects in the Taiga Plains and Taiga Shield ecozones,
Northwest Territories, Canada. Field measurements were used to develop aboveground biomass models based on the coincident
2018, 2019 Titan lidar data. Models were then transferred to the 2007, 2010 ALTM 3100 lidar data. (Ecozone and ecoregion bound-
aries were derived from the National Ecological Framework for Canada dataset).

latitudinal range of 500km and a longitudinal range
of 300km. The terrain of the study region is gently
undulating to level. In the Taiga Plains Mid Boreal,
mean elevation decreases from 350m above sea level
in the west (Liard Upland) to 175m above sea level
in the east (Great Slave Lowland). Elevation increases
in the Taiga Sield High Boreal from west to east from
100m to 300m above sea level. The proportional area
per ecosystem type varies across this region along a
west to east gradient, whereby up to 71% of the Taiga
Plains Mid Boreal ecoregion are covered by peatland
complexes and up to 53% and 30% of the Taiga Plains
and Taiga Shield High Boreal are covered by extensive
shoreline fens around shallow ponds (Ecosystem
Classification Group 2008, 2009). Upland mixed-wood,
deciduous, and coniferous forests are most productive
in the Liard Plain (western Taiga Plains Mid Boreal)
and transition to dominantly jack pine (Pinus bank-
siana) or white spruce (Picea glauca) stands in the
fire prone Taiga Plains High Boreal, and jack pine,
black spruce (Picea mariana), and paper birch (Betula
papyrifera) stands on and between bedrock outcrops
in the Taiga Shield High Boreal. Within the extensive
peatland complexes in the Taiga Plains Mid Boreal,
peat plateaus underlain by permafrost (herein ‘per-
mafrost plateaus’) occur adjacent to lower-lying
permafrost-free peatlands. These consist of sparse and

stunted black spruce trees with lichen ground cover.
The dominant vegetation in peatlands ranges from
moss, sedge, and shrub (e.g. dwarf birch (Betula spp.),
willow (Salix spp.)) dominated (open) to treed (black
spruce and tamarack (Larix laricina)) (Ecosystem
Classification Group 2009).

Field measurements

Field data were collected from mid-July to mid-August
in 2018 and 2019 within 53 transects of approximately
25m in length (Flade et al. 2020, 2021). Transects
were sampled in unmanaged ecosystems undisturbed
by insect infestation with some in areas burned by
wildland fire (<70years). Transects started in forested
uplands or permafrost plateaus and traversed into
adjacent peatlands perpendicular to the outer transi-
tion boundary at ~10m along each transect. Outer
transition boundaries were visually determined where
forests noticeably reduced in plant height and changed
in species composition from trees mixed with shrubs
and herbaceous vegetation into moss, grass, sedge,
and shrub dominated “open peatlands” or sparsely
forested “treed peatlands”

Measurements were made within circular forest
mensuration plots (5m radius, 78.5m? n=36) installed
at the start of the transect and included genus/species



identification, tree density, tree height (Vertex 5
Haglof Sweden) and stem diameter at the base (tree
height <1.5m) and at breast height for every live tree.
Typical forest mensuration plots span a 400 m? area.
However, due to prioritizing the amount of transects
across the region over the size of forest mensuration
plots, we reduced the area to encompass a 5m radius
around the center point of the transect start. Plots
included between 14 and 76 individual trees (average
40), representing a range of structural characteristics.
Transect start and end points were located using
Global Navigation Satellite System (GNSS) Hiper SRII
base station and rover (Topcon Corp., Japan). Surface
level measurements of ground elevation were collected
at 1m intervals along the transect to ensure accurate
registration with airborne lidar data. Plant structural
data were collected within 1 m? plots (herein ‘micro
plots’) along the transect (n=1250). Measurements
included two-dimensional cover and height for live
woody short-stature (<4.5m) to tall-stature (>4.5m)
plants per genus/species (Flade et al. 2020, 2021).
In addition to transects, field data from 20 perma-
nent sampling plots (PSPs) in upland forests near Fort
Liard were used to increase the representation of the
upper range of tall-stature tree AGB in our study area
(Figure 1). Precise Point Positioning (PPP) GNSS
measurements were used to geolocate two diagonal
corners of each of the 400 m? rectangular plots, oper-
ated for ~ 45minutes at each corner to converge to
centimetre-grade accuracy. Measurements consisted of
tree height and diameter at breast height (DBH) for
short-stature (DBH <9cm) and tall-stature trees (DBH
29cm). Species-level shrub cover and 1 out of 3
height categories were also collected. Shrub species
were assigned the average height value of the
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respective height category. For ground covering shrub
species, we determined height based on the average
height of the respective species as measured in prox-
imal transect vegetation plots. The selection of PSPs
limited to Fort Liard (where upland forests are most
productive) was due to the availability of highly accu-
rate geo-located field data coincident to Titan lidar
data (described below), which was not available at
other PSP locations within the NWT. In addition,
these sites were visited in person enabling a better
understanding and documentation of vegetation struc-
ture and composition as well as site condition.

Field-based aboveground biomass derivation

To determine short-stature (<4.5m height) plant AGB
within each plot, the product of cover and height per
shrub genus/species resulted in a three-dimensional
volume derivative, which was used as input into
genus/species-specific shrub allometric equations
based on iterative nonlinear least squares regression
(Flade et al. 2020). Short-stature tree stem length
served as input into genus/species-specific tree allo-
metric equations using iterative nonlinear least squares
regression (Table 1, Flade et al. 2020). For shrub and
short-stature tree genera/species without a dedicated
allometric equation, the pooled allometric equations
for shrubs, soft, and hardwood trees were used (Flade
et al. 2020). For tall-stature tree species, tree height
and diameter at breast height (DBH) were used in
allometric AGB equations provided by Lambert
et al. (2005).

Finally, AGB for each plant was summed within
forest mensuration and micro plots for comparison
with airborne lidar data. Further aggregation of

Table 1. Stem length-based regression coefficient estimates with error statistics to be input into Equation (4)-(7) (Flade et al.
2020) for linear logarithmic regression with correction (LLRC) and iterative nonlinear least squares regression (NLS) as appropriate

to derive short-stature tree AGB (<4.5m height).

Coefficients
LN(B) B SE (B) a SE (a) CF R? (%) RMSE (g)

Betula papyrifera LLRC 2.485 12.0010 2.7300 1.0764 89.8 65.41
NLS 3.9337 2.5136 3.9470 0.5440 92.5 44.93

Picea glauca LLRC 4.938 139.4910 2.2640 1.0405 81.0 471.04
NLS 242.6640 117.9150 1.7489 0.3940 82.7 414.62

Picea mariana LLRC 5.131 169.1862 2.1910 1.1047 70.7 464.89
NLS 282.5400 118.1550 1.6753 0.3920 73.7 413.48

Populus baisamifera LLRC 2.897 18.1197 2.0780 1.0722 914 31.02
NLS 20.8387 4.2502 2.0616 0.1698 914 30.33

Populus tremuloides LLRC 2429 11.3475 2.2790 1.0824 88.4 32.01
NLS 6.1033 1.6867 2.9998 0.2316 91.0 2542

Softwood (Picea LLRC 5.041 154.6246 2.2240 1.0775 76.6 488.66
spp.) NLS 268.9470 79.7794 1.6831 0.2526 79.1 415.77
Hardwood LLRC 2.691 14.7464 2.1960 1.1054 79.3 54.92
NLS 13.2239 3.1752 2.4982 0.2020 79.5 51.31

Multi-species trees LLRC 3.366 28.9624 2.1320 1.9117 28.5 484.83
NLS 45.8224 28.8121 2.3799 0.5261 28.6 482.77

SE: Standard error; CF: correction factor.
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field-based AGB was conducted to ensure adequate
numbers of lidar returns per plot required for lidar
return metric comparisons with field-based AGB.
Micro plots along transects were aggregated separately
within forested areas including transition zones and
peatlands, and summed AGB in forests (including
transition zone) and peatlands were scaled to 2m
widths. For circular forest mensuration plots that
overlapped with the micro plots, we scaled the
summed shrub AGB (forests including transition zone)
to the same area as the forest mensuration plots and
added the two AGB amounts together. Total AGB was
converted to Mg ha™!, resulting in 59 forest (including
transition zones) and 44 peatland AGB values which
were compared in a regression analysis with airborne
lidar return metrics.

Airborne lidar data collection and processing

Airborne lidar surveys were conducted between July
30th to August 3rd, 2007, and 2010 and again during
July and August of 2018 and 2019 coincident with
field data collection. Lidar systems used were
small-footprint multiple-discrete return Teledyne
Optech Inc. (Ontario, Canada) Airborne Laser Terrain
Mappers (ALTM). In 2007 and 2010, an ALTM 3100
system (manufactured in 2004) was used operating at
1064 nm wavelength, while in 2018 and 2019 surveys
were conducted with an ALTM Titan multi-channel
system (manufactured in 2015) operating in three
wavelengths (532nm, 1064nm and 1550nm). Both
were operated with similar flight and sensor settings,
but the newer Titan sensor produced two to three
times the return density of the older system (Table 2).

Following pre-processing, the 3D lidar point clouds
were quality controlled and filtered using TerraScan
(Terrasolid Ltd., Finland). Low, air points, and isolated
returns (noise) were deleted for quality control pur-
poses, and remaining single and last returns were

Table 2. Lidar survey settings and configuration of the single
channel ALTM 3100 and multi-channel Titan sensors.
ALTM 3100 Titan

Dates of surveys Jul/Aug 2007, 2010 Jul/Aug 2018 & 2019
Wavelength (nm) 1064 532, 1064, 1550

Sensor model

Pulse repetition 50-70 75-100 (225-300 total)
frequency (kHz)

Field of view (deg) 30-40 30

Flying altitude (m agl)  ~900-1500 ~900-1200

Nominal point density ~3 ~8

(pts/m?)
Approximal horizontal (x, <1m (x, y) and <0.3m (2)
y) and vertical (2)
offsets to ground
control (Titan) and
between data sets

classified into ground points. All returns within
—-0.1m to Om vertical distance to ground points were
added to the ground class. All remaining non-ground
returns were normalized relative to height above
ground using ‘LASheight’ within the LAStools suite
(rapidlasso GmbH, Germany).

To mitigate long GNSS baseline trajectory errors
and facilitate accurate comparisons between the Titan
lidar data and coincident field plot and transect data,
lidar point clouds were manually block adjusted (per
lidar flight strip) in x, y, and z direction to match
ground control. Where necessary, adjustments in x,
y, and z were made for each surveyed transect by
overlapping the Titan lidar point clouds in Quick
Terrain Modeler (version 8.3.1, Applied Imagery, USA)
with ground control points (Profile Analysis Tool)
and visually adjusting the Titan lidar data until sys-
tematic differences were reduced to zero. Control
points and other visual reference data consisted of
Im interval ground surface elevations (GNSS and
surface leveling measurements) and localized maxi-
mum short-stature and tall-stature vegetation heights.
For all field transects and lidar flight strips the
required adjustments were <1 m in x and y and <0.3m
in z (Table 2). Ground classified lidar data from 2007
and 2010 ALTM 3100 surveys were then registered
to the aligned Titan lidar data by again overlapping
the point clouds and shifting the ALTM 3100 data.
Offsets were within the range mentioned above
(Table 2).

Registered and height normalized returns were then
clipped to coincident field transects (forests including
transition zone, and peatlands) and forest-mensuration
plots for regression and model development. Common
lidar metrics were derived for each clipped area using
LAStools and the “lidR” package (Roussel et al. 2020;
Roussel and Auty 2022) (R Core Team 2021, Austria).
These included height percentiles (from the 5th to
the 99th percentile), interquartile range of return
heights (25th to 75th height percentile), minimum,
maximum, average, and standard deviation of all
heights, kurtosis, skewness, and average square height
using all lidar returns above ground level (hagl).
Cover and density metrics were derived for all lidar
returns above 0.5m hagl. Lidar metrics per sensor
were also gridded at 5m x 5m grid cell resolution
for the complete region (“lidR” and “raster” packages
in R) to apply the final AGB model. This cell size
was chosen to ensure sufficient numbers of points
per Titan and ALTM 3100 grid cell (needed to dis-
tinguish between lidar height percentiles), while also
maintaining relatively high spatial resolution. This is
especially important in ecotones that may be changing



horizontally but are within a Landsat grid cell. 5m
cells can also be aggregated to the scale of forest
inventory plots (typically 20m x 20m or 11.28m
radius, National Forest Inventory) and Landsat imag-
ery (30m x 30m grid cell). A canopy height model
was derived at the same grid cell resolution based on
the maximum height of each cell.

Lidar-based aboveground biomass model
development

Correspondence between coincident field-derived AGB
and lidar metrics per clipped area was evaluated
within a pre-selection process using the Pearson cor-
relation coefficient, retaining those metrics that had
the highest or second highest correlations in a min-
imum of two strata. Furthermore, lidar metrics were
retained when assumptions of parametric regression
were met, as tested by the Anderson Darling test to
determine deviation of residuals from normality, as
well as residual plots to determine heteroscedasticity.
Each of the remaining lidar metrics was used as the
predictor variable within single variable iterative non-
linear least squares regression via a power function
(Equation (1)), which is commonly used to infer AGB
from field and lidar data. The model form was:

AGB =b*lidar metric "’ (1)

lidar sensor
where b and a are model coefficients. To better under-
stand magnitudes of model errors of nonlinear least
squares regression, model fits were compared to linear
regression with forced y-intercept. Forcing the inter-
cept through the origin ensured that AGB equaled
zero for zero lidar points above the terrain surface.
Model performance per lidar metric was analyzed to
determine the optimal lidar metric for (1) each stra-
tum (ecozone, ecosystem type) and (2) all strata com-
bined using leave-one-out cross validation during
model development. Goodness-of-fit statistics included
the coefficient of determination (R2?), root mean
squared error (RMSE), and absolute model bias (Bias)
which are most commonly used in AGB regression
analysis (Coops et al. 2021). To compare RMSEs
across strata that deviate in their group means, the
root mean squared error and bias relative to the mean
(RMSE% and Bias% respectively) were derived.

To determine whether a single lidar metric could
be used to model AGB with moderate to high accu-
racy across the region, a general AGB model was
developed for each lidar metric using data of all strata
combined (herein called ‘general AGB model’). To
evaluate model accuracies, the general AGB models
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(one for each lidar metric) were applied to each stra-
tum and compared to respective stratum-specific AGB
model fits.

The criteria for the selection of the optimal lidar
metric as predictor of bi-temporal shrub-to-tree AGB
required: (1) high goodness-of-fit statistics of the gen-
eral AGB model for each stratum, and (2) minimal
difference in the lidar metric when compared between
sensors (see below).

Lidar metric comparison across sensors

When transferring an AGB model trained for Titan
to the older ALTM 3100 data, systematic errors might
occur due to differences in point cloud density (Lim
et al. 2008) or canopy penetration characteristics
(Chasmer et al. 2006; Hopkinson 2007) even when
flight settings and sensor calibration are the same
between flights and point clouds are geo-registered.
To test for deviations between the sensors’ character-
izations of height without available corresponding field
data, deviations had to be isolated from signals stem-
ming from successional vegetation changes. Therefore,
gridded lidar metrics were compared between sensors
in late-successional upland forests in which canopy
characteristics between the two survey periods
(8-12years) were assumed to be minimal due to slow
successional changes in the study region (Castilla
et al. 2022). This assumption was corroborated by
observed negligible changes in the ALTM 3100 and
Titan 5m x 5m Canopy Height Models combined
with qualitative comparisons at matching locations in
Google Earth Pro where multi-year imagery was avail-
able. Hereby, general areas of stable maximum canopy
height in uplands were visually identified for sample
locations across the entire study region. Within these,
a total of 558 grid cells were randomly selected at
which values of lidar metrics were extracted for fur-
ther model transfer analysis. To confirm negligible
change in these grid cells, differences in mean canopy
height and standard deviation were quantified.
Differences in the first quartile (based on the distri-
bution of extracted canopy heights) were also deter-
mined to test for negligible changes in short-stature
vegetation as found in the forest understory or in
open upland sites. Subsequently, to quantify deviations
between the sensors’ characterizations of height, the
covariance of each corresponding Titan (observed)
and ALTM 3100 (predicted) lidar metric was derived
for sampled grid cells by comparing the slope against
the 1:1line of correspondence between observed and
predicted values (Pifieiro et al. 2008). Lidar metrics
retained as candidates for the final bi-temporal
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shrub-to-tree AGB model development were selected
based on demonstrating <+2% deviation from unity
(1:1) in slope and 295% in explained variance (R?).

Lidar metric calibration and selection for
bi-temporal shrub-to-tree aboveground biomass
modeling

Based on the two criteria of high goodness-of-fit sta-
tistics across strata for the general AGB models and
high covariance between corresponding Titan and
ALTM 3100 lidar metrics, the retained ALTM 3100
lidar metrics were calibrated using the slope (deter-
mined above) as calibration coefficient (¢, Equation
(2)). General ALTM 3100 AGB was subsequently
modeled for each grid cell per lidar metric as:

AGB b*(c*lidur metric)a . 2)

ALTM3100,calibrated

General Titan AGB per grid cell was derived without
the application of a calibration coefficient (Equation (1)).

Finally, for the selection of the optimal predictor
of bi-temporal shrub-to-tree AGB, deviations in mod-
eled general Titan and calibrated ALTM 3100 AGB
were analyzed across lidar metrics to identify AGB
ranges for which lidar metrics deviated in their pre-
dictions. This comparison was based on 1381 sam-
pled grid cells distributed randomly across the study
region, which covered AGB values from 0 to 400 Mg
ha™!. A recommendation for the optimal lidar metric
was made relative to a specific AGB range. The final
bi-temporal shrub-to-tree AGB model was then a
combination of metrics applied to specific AGB
ranges using a weighted approach. Hereby, modeled
AGB per lidar metric (herein called exemplarily
‘model output 1’ and ‘model output 2’) was multi-
plied by a weighting factor (0%-100%), which
increased for model output 1 and decreased inversely
for model output 2 as a certain AGB range was
approached for which model output 1 was deemed
more reliable (i.e. lower variance in AGB compared
between sensors).

Results
Aboveground biomass model comparison

A comparison of the field-based AGB across strata is
illustrated in Table 3 to provide geographic context
for the distribution across ecozones and ecosystem
types. Field data indicated that the Taiga Plains con-
tained more than three times the average AGB as
found in the Taiga Shield. However, some data were
collected in highly productive forests near Fort Liard
(Figure 1), resulting in a shift in the third quartile.
Within ecosystem types, forests in uplands and per-
mafrost plateaus also contained greater average bio-
mass relative to peatlands, which are commonly
dominated by ‘open’ moss and graminoid forms.

The lidar metrics retained in the pre-selection pro-
cess were characteristic of the height distributions of
lidar returns consisting of the average height, inter-
quartile range of heights, and 75th and 90th height
percentiles of all lidar returns within each plot (Table
4). In addition, we included the 95th height percentile,
which is a common predictor of canopy height
(Mahoney et al. 2018; Popescu et al. 2002; Riggins
et al. 2009) and growth in forests (Hopkinson
et al. 2008).

Using each of these lidar height metrics (m hagl)
as input variable within nonlinear least squares regres-
sion via a power function resulted in moderate to
high correspondence to field-derived AGB (Mg ha™)
for stratum specific models (R* = 61% to 90% reported
for the best lidar height metric per stratum) (Table
5). Model errors were moderate overall for highest
R? predictors (RMSE < 34 Mg ha™’; Bias < 26 Mg ha™')
but were greater in peatlands and the Taiga Shield
ecozone. Model errors increased for all strata and
lidar metrics using the linear model form (difference
in RMSE% = 0-21; difference in Bias% = -4 to 7)
(Table 5).

Comparisons of goodness-of-fit statistics across
lidar height metrics showed that average height was
the best predictor of field-derived AGB for the Taiga
Plains and upland/permafrost plateau forests (R* =
90% and 85%; RMSE = 27Mg ha™! and 34Mg ha™!

Table 3. Descriptive statistic of field-derived AGB (Mg ha~") for the complete field data and stratified into ecozone and ecosystem

type.

Strata n Mean (SD) 1st Quartile 3rd Quartile Max
All ecosystem types and ecozones 103 49.9 (75.2) 2.3 54.1 330.4
Ecozone

Taiga Plains 79 65.7 (85.3) 4.0 118.4 3304
Taiga Shield 24 17.0 (18.6) 0.8 30.9 56.6
Ecosystem type

Upland/Permafrost plateau forests 59 96.0 (85.2) 29.5 143.6 330.4
Peatlands 44 3.9 (5.4) 0.7 4.1 21.8

SD: Standard deviation.
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Table 4. Pearson correlation coefficient of linear relationships between Titan lidar metrics and field-based AGB within corre-
sponding plots used to refine the selection of lidar metrics for lidar-based stratum specific and general AGB model

development.

Upland/Permafrost

Taiga Plains Taiga Shield plateau forests Peatlands All data
Percentile 5 -0.23 0.00 -0.18 0.55 -0.14
Percentile 10 -0.13 0.00 -0.07 0.55 —-0.03
Percentile 25 0.59 0.12 0.56 0.55 0.66
Percentile 50 0.90 0.33 0.89 0.61 0.93
Percentile 75 0.95 0.74 0.92 0.78 0.97
Percentile 90 0.94 0.79 0.90 0.57 0.95
Percentile 95 0.93 0.72 0.89 0.43 0.94
Percentile 99 0.91 0.71 0.87 0.40 0.92
Interquartile range 0.94 0.74 0.91 0.76 0.96
Average height 0.95 0.76 0.92 0.69 0.97
Average square height 0.89 0.68 0.86 0.43 0.92
Minimum -0.23 0.00 -0.18 0.55 -0.15
Maximum 0.89 0.68 0.85 033 0.90
Standard deviation 0.94 0.74 0.90 0.43 0.95
Cover (> 0.5m hagl) 0.80 0.66 0.75 0.71 0.78
Density (> 0.5m hagl) 0.83 0.71 0.79 0.66 0.81
Kurtosis -0.39 —-0.50 —0.45 —-0.24 —-0.38
Skewness —-0.60 —-0.52 —-0.68 -0.22 —-0.57

Highest Pearson correlation coefficient per stratum colored in grey, second highest colored in yellow.

Table 5. Titan lidar height metrics after pre-selection, regression coefficients and leave-one-out cross validated model fits for
stratum-specific and general AGB models using single variable nonlinear least squares regression via a power function.

Coefficients
Lidar metric b SE (b) a SE (@) R? (%) RMSE (Mg ha™") RMSE (%) Bias (Mg ha™") Bias (%)
General model
Average height 21.974 1.951 0.966  0.038 93.7 18.9 (+0.8) 38.0 (+1.5) 12.8 (-0.1) 25.7 (-0.1)
IQR 14.969 1.822 0.939  0.440 92.0 21.4 (+1.0) 42.8 (+2.1) 13.6 (0) 27.4 (0)
Percentile 75 12.979 1510  0.966  0.041 93.7 19.0 (+0.7) 38.2 (+1.3) 12.7 (0) 25.4 (0)
Percentile 90 5.393 0.950 1.187 0.058 91.4 22.0 (+1.9) 44.1 (+3.8) 13.9 (+1.2) 27.8 (+2.4)
Percentile 95 3.346 0.724 1306  0.070 729 24.0 (+3.6) 48.2 (+7.1) 14.8 (+3.4) 29.6 (+6.8)
Taiga Plains model
Average height 27.084 3.170 0.890 0.051 90.0 27.0 (+1.5) 41.2 (+2.2) 18.4 (-0.8) 28.0 (-1.2)
IQR 19.493 2.986 0.856 0.056 88.7 27.4 (+3.3) 41.7 (+5.0) 18.8 (+0.1) 28.6 (+0.2)
Percentile 75 17.214 2.655 0.878 0.055 89.8 28.7 (0) 43.7 (0) 18.1 (-0.2) 27.5 (-0.2)
Percentile 90 7.644 1.636 1.083 0.071 88.5 28.9 (+0.9) 44.0 (+1.4) 19.3 (+0.2) 29.4 (+0.3)
Percentile 95 5.088 1.285 1.183 0.082 87.2 30.6 (+1.9) 46.5 (+2.8) 20.6 (+2.0) 31.4 (+3.0)
Taiga Shield model
Average height 23.524 3.094 0.706 0.183 61.2 11.6 (+1.1) 68.4 (+6.2) 8.3 (-0.3) 48.6 (—1.6)
IQR 21.315 3.020 0.493 0.112 64.9 11.1 (+3.0) 65.0 (+17.8) 8.6 (-0.7) 50.7 (-3.8)
Percentile 75 21.067 3.049 0.495 0.114 64.3 11.2 (+2.9) 65.6 (+17.2) 8.7 (-0.7) 51.0 (-4.3)
Percentile 90 10.629 3.512 0.718 0.207 64.0 11.2 (+0.9) 65.6 (+5.2) 7.2 (+0.2) 42.5 (+1.0)
Percentile 95 9.008 3.874 0.673 0.238 55.4 12.5 (+1.4) 73.2 (+8.4) 7.7 (-0.6) 45.2 (-3.5)
Upland/Permafrost plateau forest model (including ecotones)
Average height 32.744 4.203 0.811 0.058 845 33.5 (+3.2) 349 (+3.3) 25.8 (+0.1) 26.8 (+0.1)
IQR 22.037 3.770 0813 0.064 823 36.0 (+2.9) 37.5 (+3.1) 28.2 (+0.7) 29.4 (+0.7)
Percentile 75 20.578 3.542 0.817 0.062 83.5 34.7 (+2.6) 36.2 (+2.7) 27.2 (+0.3) 28.4 (+0.3)
Percentile 90 10.069 2.371 0.995 0.080 818 36.4 (+0.6) 37.9 (+0.6) 28.2 (0) 29.4 (0)
Percentile 95 7.432 2.044 1.064  0.091 79.8 38.3 (+0.8) 39.9 (+0.8) 29.3 (+0.3) 30.5 (+0.4)
Peatland Model
Average height 11.492 1.260 1410  0.270 51.0 3.8 (+0.3) 98.3 (+8.0) 2.5 (+0.1) 65.0 (+2.8)
IQR 11.136 1.090 0.776  0.116 56.3 3.6 (+0.3) 92.3 (+8.7) 2.4 (0) 61.1 (-1.0)
Percentile 75 9.803 0.911 0.865 0.122 61.1 3.4 (+0.2) 87.0 (+6.3) 4 (-0.1) 60.9 (-1.8)
Percentile 90 4.229 0.931 0.703 0.218 319 4.5 (+0.3) 115.1 (+9.0) 2.9 (0) 754 (-1.0)
Percentile 95 3.573 0.897 0.503 0.190 23.7 4.7 (+0.8) 122 (+20.5) 0 (0) 78.8 (-1.0)

Comparison to increased (+) and decreased (-) model errors of linear regression with forced y-intercept in brackets.
SE: Standard error, IQR: interquartile range. Highest goodness-of-fit metrics per stratum colored in grey.

respectively). For the remaining strata, model fits
improved using the interquartile range as predictor
variable within the Taiga Shield model (R* = 65%;
RMSE = 11 Mg ha!), and the 75" height percentile
within the peatland model (R? = 61%; RMSE =
3Mg ha™').

Model performance improved when modeling AGB
for all strata combined using the general AGB model
(R? = 73%-94%, RMSE = 19 Mg ha"'-24 Mg ha™!, Bias
= 13Mg ha™'-15Mg ha™!) (Table 5). Highest corre-
spondence to field-based AGB and lowest model errors
were hereby achieved using the average height or the
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75th height percentile as predictor variable (R? = 94%;
RMSE = 19Mg ha™'; Bias =13 Mg ha™') (Figure 2).
Evaluating the performance of the general AGB
models (developed per lidar height metric) within
each stratum (Table 6) showed a mean reduction in
explained model variability by -2% and a mean
increase in RMSE by 1 Mg ha™!, while Bias remained
stable in average at 0.3 Mg ha™'. Magnitudes of
decreased model performance varied per ecosystem
type and lidar metric used. In the Taiga Plains and
upland/permafrost plateau forests, the predictor
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average height produced highest model fits (R* = 90%
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tively). In the Taiga Shield, explained model variance
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while model errors were lowest for the average height
(RMSE = 12Mg ha™'; Bias = 8 Mg ha™'). In peatlands,
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Figure 2. Field-derived aboveground biomass (AGB) related to

lidar height metrics (m) for all strata combined using iterative

nonlinear least squares regression via a power function illustrated within the 95th confidence interval (Cl) and 95th prediction

interval (PI).
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Table 6. General AGB model fits per Titan lidar height metric evaluated for stratum-specific Taiga ecoregions and ecosystem

types.
Lidar metric R? (%) RMSE (Mg ha™") RMSE (%) Bias (Mg ha™") Bias (%)
Taiga Plains
Average height 89.7 27.7 (+0.3) 42.2 (+0.5) 17.7 (+0.1) 27.0 (+0.1)
IQR 88.6 29.3 (+0.6) 44.6 (+1.0) 18.4 (+0.3) 28.1 (+0.4)
Percentile 75 89.7 28.0 (+0.3) 42.6 (+0.5) 17.6 (+0.1) 26.8 (+0.2)
Percentile 90 86.9 29.5 (0) 45.0 (0) 19.8 (-0.4) 30.2 (—0.6)
Percentile 95 86.9 31.2 (+1.0) 47.6 (+1.5) 19.8 (+2.6) 30.2 (+3.9)
Taiga Shield
Average height 57.9 12.3 (0) 72.0 (+0.1) 8.2 (-0.2) 48.0 (-1.0)
IQR 56.6 14.0 (+0.2) 82.2 (-1.1) 9.1 (-0.6) 53.4 (-3.3)
Percentile 75 55.8 13.6 (0) 79.7 (+0.2) 8.5 (—0.4) 50.1 (=2.1)
Percentile 90 59.4 12.4 (+2.1) 72.7 (+12.4) 8.2 (+2.1) 48.2 (+12.3)
Percentile 95 47.5 14.8 (+5.2) 87.1 (+30.4) 8.5 (+4.0) 49.7 (+23.7)
Upland/Permafrost plateau forest (including ecotones)
Average height 84.1 35.9 (+0.7) 37.4 (+0.7) 25.6 (+0.6) 26.7 (+0.6)
IQR 82.5 37.4 (+1.1) 39.0 (+1.1) 28 (+0.5) 29.1 (+0.5)
Percentile 75 83.8 36.6 (+0.6) 38.1 (+0.6) 27 (+0.3) 28.1 (+0.3)
Percentile 90 81.6 383 (-1.3) 39.9 (-1.3) 28 (-0.5) 29.2 (-0.5)
Percentile 95 79.5 40.7 (-1.3) 423 (-1.3) 29.2 (0.4) 30.4 (+0.4)
Peatland
Average height 47.5 7.1 (-0.8) 183.3 (-19.9) 5.0 (-0.7) 129.3 (-17.1)
IQR 57.0 4.2 (-0.4) 108.4 (-10.0) 2.6 (—0.2) 66.3 (—4.7)
Percentile 75 61.4 4.0 (-0.3) 102.5 (-7.1) 2.6 (—0.1) 66.6 (—3.4)
Percentile 90 325 6.8 (+3.6) 175.4 (+92.2) 3.9 (+2.3) 101.8 (+60.4)
Percentile 95 14.2 10.7 (+6.4) 278.0 (+165.6) 5.2 (+5.2) 135.2 (+134.2)

Interquartile range (IQR). Highest goodness-of-fit metrics per stratum colored in grey.
Comparison to increased (+) and decreased (—) model errors of linear regression with forced y-intercept in brackets.

Lidar metric comparison across sensors

To identify the optimal lidar height metric candidates
for predicting bi-temporal shrub-to-tree AGB, the
second criteria (besides high goodness-of-fit statistics
for each stratum) required negligible, calibratable
systematic error when transferring the model trained
for the Titan data to older ALTM 3100 data. To
isolate sensor differences from signals stemming
from successional vegetation changes, 558 grid cells
in late-successional upland forests were selected and
analyzed. Here, differences in the mean canopy
height were within £ 0.5m and differences in the
standard deviation ranged from 0 to 0.4m for the
retained lidar metrics. Differences in the first quartile
were within + 0.1 m (except for the 95th height per-
centile and the interquartile range + 0.5m) repre-
sentative of short-stature vegetation found in the
understory and in open upland sites. Evaluation of
covariance between Titan and ALTM 3100 lidar
height metrics in these late-successional upland sites
showed lowest overall explained variance and highest
deviations from a 1:1 linear relationship for the
interquartile range and the 95" height percentile,
which in addition to lowest goodness-of-fit statistics
excluded them from subsequent bi-temporal shrub-to-
tree AGB model development Table 7.

The lowest deviations across sensors were achieved
for the 75th height percentile (difference in slope
compared to 100% = —-0.3%) (Table 7). However,

Table 7. Covariances between corresponding multi-channel
Titan (observed) and single channel ALTM 3100 (predicted)
lidar height metrics.

Calibration SE of calibration
Lidar metric coefficient € coefficient ¢ R?
General AGB
model
Average height 1.0149 0.0086 96.1
IQR 0.9405 0.0106 93.4
Percentile 75 0.9969 0.0079 96.6
Percentile 90 1.0200 0.0051 98.6
Percentile 95 1.0253 0.0046 98.9

Calibration coefficients ¢ represent the slope of the linear relationship
between observed and predicted lidar height metrics. These were used
to correct the respective ALTM 3100 height grids for subsequent use in
the bi-temporal shrub-to-tree AGB model (Equation (3)).

SE: Standard error; IQR: interquartile range.

correspondence between the Titan and ALTM 3100
75th height percentiles showed increased variance
toward higher Titan values below 3m (Figure 3). For
vegetation heights below 5m, lowest variances were
achieved by the average height (Figure 3). The 1.5%
difference in slope (relative to 100%) for the complete
average height range is driven by increased variances
for average heights above 10 m. Here, the 90th height
percentile showed lower variance (Figure 3) resulting
in the highest overall correspondence between sensors
(R? = 99%) albeit deviations from a 1:1 slope by 2%.

For further development of the bi-temporal
shrub-to-tree AGB model, ALTM 3100 lidar metrics
were calibrated using the slope (Table 7) as calibration
coefficient (Equation (2)).
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Figure 3. Covariance of Titan (observed) and ALTM 3100 (predicted) lidar height metrics to evaluate potential for systematic error
during aboveground biomass model transfer based on 558 randomly selected grid cells in late successional upland forests. Slopes
are represented as percent deviation of a 1:1 relationship (dSlope).

Lidar metric selection for bi-temporal shrub-to-
tree aboveground biomass model development

For selecting the optimal lidar height metric as pre-
dictor of bi-temporal shrub-to-tree aboveground bio-
mass, both goodness-of-fit statistics of modeled AGB
(general AGB model per height metric) (Table 6) and
covariance of corresponding lidar metrics between
sensors (Table 7, Figure 3) revealed the average height,
75th height percentile, and 90th height percentile as

the top three candidates. Using the 75th height per-
centile as predictor, highest goodness-of-fit statistics
were achieved for all strata combined (same as average
height) and for peatlands while overall deviation in
75% height percentiles between sensors was negligible.
However, the increased variance between sensors for
vegetation heights below 3m (noted above) was critical
because this threshold is representative of vegetation
heights found dominantly in peatland complexes,
potentially overestimating increases in peatland AGB



between 2018, 2019 Titan and 2007, 2010 ALTM 3100
lidar surveys. In comparison, the average height metric
demonstrated lower variances across sensors for
short-stature vegetation and lowest model errors for
all strata except peatlands when used as predictor
within the general AGB model. In peatlands, model
errors exceeded those of the 75th height percentile-based
general AGB model, but these were likewise high at
RMSE% >100 and Bias% >60. Increased variances in
the upper height range across sensors suggested how-
ever, that the average height was not the single optimal
predictor for the complete AGB range. For upper veg-
etation heights, the 90th height percentile showed
lower variance between sensors and 90" height
percentile-based general AGB model results achieved
high goodness-of-fit statistics in uplands/permafrost
plateaus (R* = 82%; RMSE = 38 Mg ha™!; Bias = 28 Mg
ha™') (Table 6). This indicated that the optimal lidar
metric for modeling bi-temporal shrub-to-tree AGB
was a function of the respective AGB range, repre-
sentative of differences in vegetation structure and
canopy heights. Calibration of ALTM 3100 lidar met-
rics (Equation (2)) was therefore necessary to further
evaluate variances of modeled AGB (between sensors)
compared for the retained lidar metrics for certain
AGB ranges. Corresponding to variances in lidar
height metrics across sensors in late-successional
upland sites, analysis of general Titan AGB and cali-
brated ALTM 3100 AGB across the complete study
region emphasized lower variance below 100 Mg ha™
when using average height as predictor, and above
100 Mg ha™! when using the 90th percentile (Figure 4).

The final bi-temporal shrub-to-tree AGB model
combined the average height-based general AGB
model and the 90" height percentile-based general
AGB model within a weighted approach as a function
of modeled AGB (average height-based general AGB
model). Final AGB per grid cell was then derived as
(Equation (3)):

AGB =x*AGB

y*AGB

+

(Titun;calibmtedALTMS100) averageheight

3)

90thheight percentile

whereby x = 100%; y = 0% for AGB < 75Mg ha™!,
and x = 0%; y = 100% for AGB =125Mg ha™'. To
avoid artifacts at the 100 Mg ha™! threshold, a sliding
scale was applied between 75Mg ha™' and 125Mg
ha™!, which decreased successively for increasing aver-
age height based AGB (x, Equation (3)) and inversely
increased successively for increasing 90th height per-
centile based AGB (y, Equation (3)) using a step size
of 2% for each 1Mg ha™'.
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Bi-temporal shrub-to-tree aboveground biomass
model evaluation

To evaluate the bi-temporal shrub-to-tree AGB model,
correspondence between modeled (Titan) and mea-
sured AGB as well as model error were analyzed and
compared to the general Titan AGB models based on
the average height and the 90" height percentile. Here,
goodness-of-fit statistics were equal to average
height-based model fits for the Taiga Shield and peat-
land strata. This was because maximum AGB values
remained below 75Mg ha™! (Table 8). For the Taiga
Plains and upland/permafrost plateau strata, model
fits improved compared to the 90th height
percentile-based model and decreased compared to
the average height-based model (R? = 89% and 83%;
RMSE = 29Mg ha'and 37Mg ha™' respectively).
Across all strata, reduced correspondence was negli-
gible at —1.5% (R? = 92%) in comparison to the aver-
age height-based model. Increases in RMSE% and
Bias% remained low at 4% and 2% respectively (RMSE
= 21 Mg ha™!; Bias = 14Mg ha™!) (Table 8).

Discussion

The airborne lidar-based AGB models presented here
are the first of their kind that were developed across
a range of vegetation structures at varying degrees of
vertical and horizontal continuity for the northwestern
boreal underlain by sporadic to discontinuous perma-
frost. To address AGB changes in rapidly changing
ecosystems such as forest to peatland ecotones, the
final bi-temporal shrub-to-tree AGB model had to
accommodate conditions of variable vegetation heights,
and understory to overstory canopy covers. As such,
model errors were expected to be higher in this region
compared to models developed for commercial forests
with continuous tall-stature tree canopies. However,
albeit at the upper limit, model errors were within
the range of errors reported in other studies, while
correspondence of lidar-based and field-based AGB
was often improved. In boreal Canada for example,
Margolis et al. (2015) reported model errors ranging
from 30Mg ha™' to 33Mg ha™! (RMSE) and model
correspondence from 50% to 65% (R?) for airborne
lidar-based AGB in managed upland mixed wood,
conifer, and hardwood stands. Their model fits
improved for an ecoregion specific model for the cen-
tral Canadian Shield for conifer stands (R?> = 80%;
RMSE = 22Mg ha™!). However, for mixed wood for-
ests in western Canada, model error increased to
35Mg ha™! (Margolis et al. 2015). These results are
comparable to our best-fitting stratum specific and
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Figure 4. Covariance of Titan (observed) and ALTM 3100 (predicted) aboveground biomass (AGB) to evaluate the optimal lidar
height metric as predictor of bi-temporal shrub-to-tree AGB across different ecozones, ecosystem types, and ALTM sensors based
on 1381 randomly selected grid cells. Residuals of modeled AGB (ALTM 3100) per lidar height metric (average height (average),
75th and 90th height percentile (p75 and p90)) are presented on the right column.

general AGB models for the Taiga Shield ecozone (R?
= 65% and 58%; RMSE = 11 Mg ha™! and 12Mg ha™')
and unmanaged upland/permafrost plateau forests
distributed across the complete study region (R* =
85% and 84%; RMSE = 34Mg ha™! and 36 Mg ha™')
(Table 5). Model fits based on the final bi-temporal
shrub-to-tree AGB model were also within the range
of Margolis et al. (2015) (R?> = 58% and 83%; RMSE
= 12Mg ha™! and 37 Mg ha™! for the Taiga Shield and
upland/permafrost plateau forests respectively) (Table
8). For managed forest stands in the eastern Canadian
boreal, Luther et al. (2019) reported validated airborne
lidar-based AGB regression accuracies of 83% (R?)
and 24 Mg ha™! (RMSE). The RMSE% differed from

their measured mean by 18%, which is~half of the
RMSE% derived in our study when applying the final
bi-temporal shrub-to-tree AGB model in unmanaged
upland/permafrost plateau forests (Table 8). However,
their field-based mean AGB was 1.3 times greater
compared to our study and understory vegetation
(<2m) was not included in their modeling approach.
AGB model accuracies could not be compared in
Canadian peatland ecosystems due to a lack of com-
parable studies. Reported model errors of treed wet-
land AGB across all of Canada (RMSE = 22.2Mg
ha™') in Margolis et al. (2015) for example, were at
the upper limit of our field-based AGB (21.8 Mg ha™,
Table 3). However, Rdsinen et al. (2020) derived



Table 8. Final bi-temporal shrub-to-tree AGB model evaluated
for all strata combined and for stratum-specific Taiga ecore-
gions and ecosystem types.

RMSE (Mg Bias (Mg

R? (%) ha™) RMSE (%) ha™) Bias (%)
All strata

92.2 21.03 42.2 13.7 27.5
Taiga Plains

89.0 28.6 43.62 18.6 28.3
Taiga Shield*

57.9 123 72.0 8.2 48.0
Upland/Permafrost plateau forests (including ecotones)

82.7 373 38.9 27.0 28.1
Peatlands*

47.5 7.1 183.3 5.0 129.3

AGB was derived combining the modeled Titan average height-based AGB
and 90th height percentile-based AGB within a weighted approach as
a function of AGB (Equation (3)).

“Same as average height based general AGB model per respective stratum
(Table 6).

between 45% to 53% explained model variabilities for
deciduous shrubs within a fen peatland in northern
Finland using multi-source input data within random
forest regression. The average height-based stratum
specific and general AGB models as well as the final
bi-temporal shrub-to-tree AGB model presented in
our study were at the upper end of the reported range
in peatlands (R? = 51% and 48% respectively) (Tables
5, 6, and 8).

Overall, AGB model accuracies were higher in the
Taiga Plains and in upland/permafrost plateau forests
compared to the Taiga Shield and peatlands using
either stratum-specific models (Table 5) or a gener-
alized AGB model (Tables 6 and 8) independent of
the lidar metric used as predictor. These strata are
characteristic of short-stature plant dominance and
sparse to absent tree cover and as such are closer to
the noise level inherent in airborne lidar data. This
is because plant canopies close to the ground surface
can often not be accurately positioned in height or
distinguished from ground points. Sparse, discontin-
uous vegetation cover has a higher chance of remain-
ing undetected between single laser scan lines. This
is increased where lidar campaigns are flown as single
strips across the landscape missing additional lidar
returns from side overlaps and resulting overall in
lower point densities per m2 In addition, the decreased
travel distance of laser pulses through a short-stature
plant canopy in comparison to a tall-stature canopy
reduces the possibility of pulse reflections from plant
material at varying heights. This reduces the range of
vertical height distributions and lidar return densities,
with fewer multiple returns (Hopkinson et al. 2005).
Differences between lidar height metrics are therefore
less pronounced, increasing the uncertainty of
height-based lidar metrics in shorter vegetation
(Hopkinson et al. 2005).
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The choice of the optimal lidar height metric to
be used as predictor within the final bi-temporal
shrub-to-tree AGB model depended equally on
goodness-of-fit statistics and minimal, calibratable
offsets between sensors of different lidar point cloud
characteristics (point density and canopy penetration).
A previous study by Lim et al. (2008) analyzed the
effect of lidar point density on canopy heights. The
authors suggested that, analogous to statistical sam-
pling, an increase in point density should not lead to
a different canopy height sampling distribution
because both (low and high return densities) represent
a sample of the complete population (canopy).
However, a comparison of vertical height profiles
between the Titan and a Gemini ALTM (similar to
the ALTM 3100) in upland forests by Hopkinson et al.
(2016b) showed that the Titan sensor preferentially
sampled upper canopy regions due to reflections from
532nm and 1550nm channels. Channel-dependent
differences in the canopy height sampling distribution
were most pronounced between the 25th and 75th
height percentiles and decreased for percentiles > 75%.
For the upper percentiles (>90%) differences in lidar
height profiles were also lowest between the three
Titan channels (Hopkinson et al. 2016b). Here, the
use of upper percentiles for deriving AGB tends to
be relatively stable within the vertical noise and in
the case of multi-channel lidar, deeper than average
returns from the canopy at 532nm and 1550 nm tend
to balance higher than average returns from the
1064 nm channel (Hopkinson et al. 2016b). This
emphasized the use of the 90" height percentile (cal-
ibrated for the ALTM 3100 data) for higher AGB
ranges within the bi-temporal shrub-to-tree AGB
model. For lower AGB ranges, our results suggest that
differences across sensors reduced using an average
as opposed to a percentile approach. The average
height represents the central tendency (analogous to
center of mass) of a vertical profile from the ground
to the top of canopy, equally weighing all datapoints
in the distribution. As such, this metric is equally
sensitive to the tails at the low (ground) or high (top
of canopy) end of the overall distribution and is there-
fore more influenced by open vs. closed canopy con-
ditions. The implicit integration of vegetation height
and cover attributes at the grid cell level made this
variable a robust predictor across variable vegetation
structures and canopy continuity, and therefore an
optimal predictor for stratum-specific AGB models
and the bi-temporal shrub-to-tree AGB model. The
height calibration of the ALTM 3100 dataset (Equation
(2)) however was necessary as increased heights in
the multi-channel 2018, 2019 Titan dataset compared
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to the single channel 2007, 2010 ALTM 3100 dataset
could overestimate vegetation growth in an AGB
change detection analysis.

These results will be relevant in future studies aim-
ing to compare different generation lidar systems and
for the validation of spaceborne AGB change products.
The ALTM 3100 sensor was state-of-the-art technol-
ogy circa 2005. Therefore, wide area coverage is avail-
able for many parts of Canada, USA, Europe, etc.
which contributed to the use of this sensor for many
baseline vegetation studies. Since circa 2010, there has
been a proliferation of new lidar sensor technologies,
including the use of multiple single and variable wave-
length lidar systems, which produce high pulse rep-
etition frequencies, high sample point densities, and
multi-wavelength capability, especially since 2014.
Therefore, the need to compare and calibrate between
lidar systems for vegetation change from older to
newer technologies to understand and quantify change
is becoming increasingly important.

Lastly, the bi-temporal shrub-to-tree AGB model
was applied using a weighted approach of the gridded
Titan and calibrated ALTM 3100 average height and
90th height percentile-based AGB models. This
approach was chosen over the use of stratum-specific
AGB models. Model performance increased when the
model was developed for the respective dominant
vegetation structure and canopy openness, ranging
from +1% (-1.6 Mg ha™') in the Taiga Plains to +7%
(-1.2Mg ha™') in the Taiga Shield and from +2%
(-3.8Mg ha™') in upland/permafrost plateau forests
to +14% (-3.7Mg ha™!) in peatlands (reported as
difference in R?* (RMSE) for the best fitting model
per stratum). However, the low n in stratum-specific
models (Table 3) reduced confidence in model coef-
ficients, which is reflected in larger model coefficient
standard errors in comparison to the general AGB
models (Table 5). In addition, for application of
stratum-specific AGB models, high confidence is
required over which grid cells certain models are
applied, which requires the use of an external land-
cover classification. The total error of modeled AGB
will then be the combination of errors of (1) the
respective AGB model and (2) the landcover classi-
fication. Overall accuracies of an external landcover
classification in this region range from 73% to 94%
(Bourgeau-Chavez et al. 2019) depending on the land-
cover type, while western parts of our study area were
not included. In addition, classification accuracies are
often unknown for specific areas where validation
data were not available (e.g. Chasmer et al. 2020;
Bourgeau-Chavez et al. 2022) or were developed at
an earlier/later date resulting in further discrepancies.

The compound errors of a combined use of stratum
specific AGB models and a static landcover classifi-
cation are therefore expected to exceed the error of
a generalized AGB model. Edge effects at class bound-
aries will especially be minimized using the
bi-temporal shrub-to-tree AGB model enabling inves-
tigation of ecotonal changes, which are changing most
rapidly with climate change (Chasmer and
Hopkinson 2017).

Conclusion

This study developed and examined the accuracy of
airborne lidar-based AGB models across a range of
vegetation structures at varying degrees of vertical
and horizontal continuity to advance timely research
into forest to peatland ecotonal changes. Ecosystem
types included productive upland forests, stunted for-
ests on permafrost plateaus, open and treed peatlands,
and forest to peatland ecotones within the southern
Taiga of the Northwest Territories. The objectives were
to test and evaluate (1) airborne lidar height and
cover metrics, and (2) model transferability between
a lower density single channel (ALTM 3100) and a
higher density multi-channel (Titan) lidar sensor with
the aim to develop a single bi-temporal shrub-to-tree
AGB model to be used across all examined strata
without the need for landcover classifications. AGB
models were developed using lidar height and cover
return metrics (refined in a pre-selection process) and
coincident field-based AGB within single variable non-
linear least squares regression. Leave-one-out cross
validated model goodness-of-fits were high in the
Taiga Plains and forested uplands/permafrost plateaus,
and moderate in the Taiga Shield and peatlands. AGB
model errors and explained model variance were
within the range reported in other studies. Model
accuracies and confidence in model coefficients
improved when predicting AGB across all strata
within a general AGB model using either the average
height or the 75th height percentile of all lidar returns
as predictors. However, tests for covariance between
lidar height metrics of the Titan and ALTM 3100
sensors showed (a) high explained variance, (b) min-
imal correctable systematic error, and (c) negligible
residual error at the low height range (where AGB
changes are expected to be most pronounced) for the
average height and 90th height percentile. Both lidar
height metrics were calibrated for offsets between
sensors (ALTM 3100 dataset) and used as general
predictor of AGB across the study region. Comparisons
of modeled AGB between sensors per metric showed
lower variances in modeled AGB using average height



(below 100 Mg ha™') and the 90th height percentile
(above 100 Mg ha™') as predictor variable.

The final bi-temporal shrub-to-tree AGB model
was therefore developed using a weighted approach
as a function of modeled AGB. Evaluation of the
bi-temporal shrub-to-tree AGB model showed mod-
erate model fits in the Taiga Shield and peatlands and
high goodness-of-fit statistics in the Taiga Plains and
upland/permafrost plateau forests. Model performance
reduced compared to stratum-specific AGB models,
which were developed for the respective dominant
vegetation structure and canopy openness. However,
lower confidence of model coefficients of stratum-
specific AGB models and added uncertainties of an
external land cover classification are expected to
exceed uncertainties of the bi-temporal shrub-to-tree
AGB model especially at rapidly changing forest to
peatland ecotones. The ability to transfer the
bi-temporal shrub-to-tree AGB model between sensors
enables future research of spatially explicit changes of
AGB and provides an example for future studies aim-
ing to compare AGB products amongst different gen-
erations of lidar systems. The results of this study are
therefore important for research of the cummulative
effects of climate change on boreal ecosystems in the
Taiga of western Canada, identified as a critical area
of uncertainty (IPCC 2023). Lastly, the results could
aid in the consistent validation of spaceborne AGB
and quantification of wildland fire fuel dynamics with
further potential to improve accuracy of reported car-
bon stocks, broadening of the scope in carbon report-
ing obligations to unmanaged forest areas, and better
understanding and predicting fire behavior and carbon
losses/pollution associated with wildland fire in these
under-represented yet critical ecosystems.
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