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Abstract. The conventional approach to LiDAR-based forest inventory modeling depends on field sample data from fixed-radius
plots (FRP). Because FRP sampling is cost intensive, combining variable-radius plot (VRP) sampling and LiDAR data has the
potential to improve inventory efficiency. The overarching goal of this study was to evaluate the integration of LiDAR and VRP
data. FRP and VRP plots using different basal-area factors (BAF) were colocated in 6 conifer stands near Alberta, Michigan,
in the United States. A suite of LiDAR metrics was developed for 24 different resolutions at each plot location, and a number
of nonparametric prediction models were evaluated to identify an optimal LiDAR resolution and an optimal scale of VRP to
spatially extend the data. An FRP-based model had root mean square error (RMSE) of 31.8 m? ha—!, whereas the top VRP-based
models were somewhat less precise, with RMSE of 38.0 m® ha—! and 45.8 m® ha~! using BAF 2.06 m?> ha~! and BAF 2.29 m?> ha™!,
respectively. The optimal LiDAR resolution for the VRP data was found to be 18 m for the selected stands, and plot-level estimates
based on a model using BAF 2.29 m? ha~! were statistically equivalent to the FRP measurements. The use of VRP data shows
promise and can substitute for FRP measurements to improve efficiency.

Résumé. L’approche conventionnelle de modélisation de D’inventaire forestier a base de LiDAR dépend des données
d’échantillonnage sur le terrain par placettes a rayon fixe « variable-radius plot » (VRP). Comme I’échantillonnage par FRP est
couteux, la combinaison de I’échantillonnage par placettes a rayon variable « variable-radius plot » (VRP) et des données LiDAR a
le potentiel d’améliorer I’efficacité de I’inventaire. L’ objectif global de cette étude était d’évaluer I’intégration des données LiDAR
et par VRP. Les placettes de FRP et de VRP qui utilisent différents facteurs de surface terriére « basal-area factors » (BAF)
ont été colocalisées dans 6 peuplements de coniféres 4 proximité de 1’Alberta, dans ’Etat du Michigan aux Etats-Unis. Une série
de mesures LiDAR a été développée pour 24 résolutions différentes a chaque emplacement de placette et un certain nombre de
modeles prédictifs non paramétriques ont été évalués pour identifier une résolution LiDAR optimale et une échelle optimale de
PRYV pour étendre spatialement les données. Un modele 2 base de FRPF avait une « root mean square error » (RMSE) de 31,8 m*
ha~! tandis que les meilleurs modeles a base de PRV étaient un peu moins précis, avec une RMSE de 38,0 m® ha~! et 45,8 m3
ha~! en utilisant un BAF de 2,06 m?> ha~! et un BAF de 2,29 m? ha~, respectivement. La résolution LiDAR optimale obtenue pour
les données de VRP était de 18 m pour les peuplements sélectionnés, et les estimations au niveau de la placette sur la base d’un
modele en utilisant un BAF de 2,29 m* ha~! étaient statistiquement équivalentes aux mesures de FRP. L’utilisation des données de
VRP semble prometteuse et peut remplacer les mesures de FRP pour améliorer Iefficacité.

INTRODUCTION

Spatially explicit mapping of forest structural attributes such
as standing tree volume and biomass has gained increased atten-
tion over the past few decades, especially in support of strategic
and operational forest planning (Kellndorfer et al. 2010; Saatchi
et al. 2011; Shugart et al. 2010). Because conventional forest
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inventories exclusively based on field sample plots are time and
cost intensive, recent research endeavors have focused on devel-
oping and improving methods to spatially extend forest invento-
ries across large extents by integrating sparse networks of field
plot measurements with remote sensing or other geospatial data
(Brosofske et al. 2014; Ohmann et al. 2014). Although many
different types of remotely sensed data can be used, data from
active sensors such as LiDAR (aka Light Detection and Ranging
or Laser Altimetry) are popular, given their high sensitivity to 3-
dimensional vegetation properties (Lefsky et al. 2002; Mitchell
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etal. 2011; Sun et al. 2011). The applications of LiDAR data are
expanding for multiple reasons, including the wider availability
and coverage of acquisitions (Hudak et al. 2009), as well as
the potential improvement in inventory cost-efficiency (Hum-
mel et al. 2011). Indeed, LiDAR-derived metrics characterizing
the vertical and horizontal distribution of vegetation (e.g., mean
height, maximum height, canopy cover, etc.) have been used
extensively in statistical modeling frameworks to characterize
and estimate numerous structural attributes, including forest
biomass and volume, among others (Dubayah et al. 2010; Latifi
et al. 2010; Takagi et al. 2015).

LiDAR-based forest inventories often use inventory parame-
ters collected at fixed-radius plots (FRP), where all trees within
a specified plot radius are sampled and measured with equal
(and constant) probability. FRP data are ideal when working
with remotely sensed data, because the plot size can be approx-
imately matched to the spatial resolution of the remotely sensed
data, minimizing geometric inconsistencies. This is particularly
true of LiDAR data, which provide 1-2 orders of magnitude
more measurements for a given land area compared to passive
optical imagery. For instance, a typical FRP can contain hun-
dreds to thousands of discrete LiDAR returns (depending on data
density and plot size) but only a small number of optical image
pixels, depending on plot size and image spatial resolution (e.g.,
~1 pixel—4 pixels for moderate-resolution imagery such as 30-
m Landsat to ~5 pixels—10 pixels for high-resolution imagery
such as WorldView or Quickbird). Hudak et al. (2008) demon-
strated the importance of matching FRP size to LiDAR metric
bin sizes. Specifically, Hudak et al. (2008) calculated LiDAR
metrics from returns within 0.04 ha inventory plots (~400 m?)
to predict plot-level basal area by species, and subsequently
mapped the predictions at a comparable 20-m x 20-m (400 m?)
resolution. Metrics derived from LiDAR returns binned within
the plot footprint more accurately represented the forest struc-
ture within the FRP than metrics derived from 20-m x 20-m
map cells (akin to image pixels) that only approximated the
FRP footprint. Although plot-based modeling approaches gen-
erally produce more accurate results compared to pixel-based
approaches, the collection of FRP data is costly, especially when
collecting a sufficiently large sample of inventory plots that fully
represent the range of forest structural and compositional vari-
ability across the area of interest.

Because the cost of an inventory is directly related to the
size, number, and distribution of plots, forest managers often
prefer employing inventory protocols that have high sampling
efficiency. A common strategy to increase both statistical effi-
ciency and cost-effectiveness is to employ a variable-radius plot
(VRP) or point sampling scheme (Avery and Burkhart 2002;
Husch et al. 2003). The VRP sampling scheme selects sample
trees with probability proportional to basal area, and basal area
is usually determined from the measurement of tree diameter
at breast height (DBH) level (~1.33 m above ground). Because
volume, which is an attribute of particular interest in most for-
est inventories, is proportional to a squared power of DBH, and
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FIG. 1. Anexample layout of a fixed-radius and variable-radius
plot with the same center. The black-square outline is a LIDAR
bin or image pixel, the dotted gray circle is a fixed-radius plot
(FRP), and the solid gray dots represent trees. All trees within
the dotted gray circle are counted in FRP sampling but only
the trees marked with a cross (x) are counted in variable-radius
sampling at a given BAF.

large trees usually occur less frequently than small trees, this
approach greatly improves sampling efficiency and produces
unbiased inventory estimates (Packard and Radtke 2007). Be-
cause VRP selection probabilities are proportional to basal area,
a single inventory plot has an unknown shape and an unknown
area. This is problematic when performing LiDAR or other
remote-sensing-based inventories because there are substantial
geometric inconsistencies between the VRP data and the re-
motely sensed data (Figure 1). These geometric inconsistencies
are almost certainly a major source of error in the statistical
inventory models and final inventory maps derived from the
integration of VRP and remote sensing data. The uncertainty
of models is further increased when tree selection probabilities
(i.e., basal area factor, BAF) are varied during VRP sampling.
In practice, BAF for a stand inventory is typically optimized so
that an efficient number of trees (usually 4-8) are selected for
tally and measurement (Reed and Mroz 1997). In other words, if
too many trees are encountered per plot, then inventory foresters
typically use a larger BAF to reduce the sample set (i.e., select
fewer trees) and enhance operational efficiency. As a result, the
appropriate BAF to use can sometimes vary considerably among
stands, especially in areas where there is substantial variability
in forest structure. This adds an additional layer of spatial com-
plexity and increases the geometric inconsistency between plot
and remote sensing measures.

A key challenge for improving the integration of VRP data
with LiDAR data is to reduce the geometric inconsistency be-
tween the datasets. This often has involved optimizing the spatial
resolution of the LiDAR-metrics to match the area sampled by
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VRP data as close as possible (Golinkoff et al. 2011; Hollaus
et al. 2007; Jochem et al. 2011). For example, Hollaus et al.
(2009) attempted to reduce geometric inconsistency by arbitrar-
ily choosing 4 different areas (16, 20, 24, and 28 m diameter)
for calculating LiDAR metrics when working with VRP data
collected with a BAF of 4 m? ha~! tree~!. Although they found
very consistent precision across the 4 sizes, the best accuracy
(R? = 0.86; root mean square error [RMSE] = 92.3 m? ha™")
was attained with LiDAR metrics derived from a 20-m diameter
area for volume prediction. In another study, Kronseder et al.
(2012) calculated LiDAR-metrics in large 1-ha circular areas
centered on each VRP when working with VRP data collected
with a single BAF (4 m?> ha~! tree™!). They reasoned that calcu-
lating the metrics in 1-ha circular areas would produce the best
results because the VRP method employed provided inventory
attribute estimates on a per-hectare basis. They also found high
coefficient of determination (R? = 0.83) and a low error (RMSE
= 96.74 Mg ha~!) for biomass in lowland tropical forests. In
an earlier study using the same field data, Hollaus et al. (2007)
used 5 different resolutions of LiDAR predictors (at plots of
18, 20, 22, 24, and 26 m diameter) to develop the best rela-
tionship with VRP inventory and found that a diameter of 24 m
led to the highest R? ( = 0.84). Van Aardt et al. (2006) em-
ployed a stand-level mapping approach, opposed to pixel-level,
by coupling LiDAR metrics at the stand level with stand-level
VRP summaries based on a BAF = 2.29 m? ha~! tree™! (i.e.,
10 ft?> ac™! tree™!) field inventory. When modeling and map-
ping volume and biomass, they reported moderate performance
of the models, where adjusted R? ranged from 0.59-0.74 and
0.58-0.79 for volume and biomass models, respectively. Hudak
et al. (2014) aggregated 30-m x 30-m binned LiDAR metrics
sampled from within stands at the estimated VRP locations to
relate to the stand-level inventory, based on VRP sampling. This
predictive model was then applied to 30-m LiDAR grid metrics
to generate maps of the stand structure attributes to represent
within-stand structural variation in a spatially explicit manner,
as conventional stand-level inventory data alone cannot do. Al-
though these studies suggest high correlations between VRP and
LiDAR data, they are limited in that they applied a single VRP
sampling probability (i.e., BAF) in the field inventory. Further,
the accuracy of models based on LiDAR data extracted for 1 ha at
sample plot locations (e.g., Kronseder et al. 2012) likely results
from the smoothing of derived predictors across such a large
area, and this coarse spatial scale is not sufficient for most op-
erational forest inventory needs. Indeed, comprehensive studies
that integrate LIDAR data with VRP data collected at different
sampling probabilities (i.e., different BAFs) in different forest
types are lacking.

In an effort to improve the efficiency of LiDAR-based forest
inventory, the primary goal of this study is to assess the efficacy
of performing an inventory of multiple stands for standing vol-
ume via the integration of LiDAR and VRP data. Specifically,
we conduct a comprehensive analysis of the influence of VRP
sampling probability and LiDAR metric resolution on model
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performance by addressing the following questions: (i) what is
the optimum LiDAR resolution to employ when working with
VRP data collected with different sampling probabilities, (if)
conversely, what is the optimal BAF to use when conducting
a LiDAR-based inventory, and (iii) how does model accuracy
change if inventory attributes are modeled from LiDAR data
by leveraging different proportions of FRP and VRP data? To
achieve this, we employ LiDAR and VRP data to develop spatial
models of standing volume and subsequently compare inventory
predictions with independent field measurements.

METHODS

Study Area

The study was carried out in 6 conifer stands (Figure 2) at
Michigan Technological University’s Ford Center and Forest
(FCF), located near the village of Alberta in the western Upper
Peninsula of Michigan, in the United States (latitude 46° 37" N,
longitude 88° 29’ W). The core area of the FCF covers approx-
imately 1400 ha and is roughly split between jack pine (Pinus
banksiana) and hemlock—northern hardwood cover types, but
also contains small patches of quaking aspen (Populus tremu-
loides) and natural red pine (Pinus resinosa) of fire origin. The
coniferous cover types were the focus of this study and eleva-
tion of the sampled stands ranged from 359 m-425 m above
sea level. Soils in the area originated from glacial outwash and
belong primarily to the orders Spodosol and Entisol. The tar-
get stands differ in composition and structural complexity and
include 1 old protected stand dominated by jack pine, 4 young-
stage, even-aged pure jack pine stands, and 1 old-stage mixed
uneven-aged dominant red pine stand (Table 1). These stands
have not been harvested since 2007;however, thinning did occur
in 1 stand in 1991 and in another in 2007.

Overview of Approach

The VRP-based modeling and mapping approach employed
4 major steps. First, VRP sampling was carried out in the sam-
ple stands using a prism of BAF 1.15 m? ha™! (i.e., 5 ft> ac™!),
denoted hereafter as BAF 5. Tree DBH, species, as well as dis-
tance of each tally tree from plot center were recorded. Next, the
VRP data were processed to derive new datasets corresponding
to 6 larger BAF sizes (1.60 m*ha=!,2.06 m*ha=!,2.29 m?>ha~!,
2.75 m?>ha~!, 3.21 m?> ha™!, and 3.44 m?> ha~!, equivalent to 7
f2ac™!,9ft2ac™!, 10 ft2ac™!, 12 ft2ac™ !, 14 ft ac!, and 15 ft?
ac™!, respectively) by counting the trees as “in” if the measured
tree distance was less than or equal to the calculated limiting
distance (Equation 1). In the third step, statistical models relat-
ing plot-level volume to LiDAR structural metrics were fit to
LiDAR data extracted across a range of radii (24 different radii
ranging from 7 m to 38 m; Figure 3). Finally, LIDAR metrics
at the resolution of an optimum radius (for the most suitable
BAF) were calculated across the entire study area and the statis-
tical models were extended spatially to produce maps of forest
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FIG. 2. The 6 target conifer stands across a range of development stages in the western Upper Peninsula of Michigan, USA. Stand
boundaries and sample plot locations are overlaid on a LiDAR-derived canopy height model.

TABLE 1
Characteristics of the sample stands based on forest inventory measurements

Mean Volumef (m> ha™')

No.of Area Max. DBH QMD Trees BAWHT Dominant Age
Stand Plots  (ha) (cm) (cm)”  per ha (m)* FRP VRP BAF9 Species Class
1 13 50.3 82.0 26.9 515 18.7 204.8(2394.6)  200.1(3649.9) red pine Old
2 4 10.1 23.8 17.8 412 12.4 46.7(33.8) 42.8(133.9) jack pine  Young
3 7 14.2 23.6 14.8 803 11.1 40.6(297.3) 66.4(942.8) jackpine  Young
4 10 33.1 32.2 159 840 11.8 65.1(164.1) 71.8(630.6) jack pine  Young
5 9 32.1 27.6 15.3 961 114 68.2(178.5) 65.9(709.7)  jack pine Young
6 4 4.1 35.5 22.6 729 14.9 160.5(684.3) 141.3(2602.6) jack pine  Old

*QMD: quadratic mean diameter; 1 BAWHT: basal area weighted canopy height; { numbers in the parentheses represent sample variance.
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FIG. 3. The VRP-based modeling approach.

volume. These steps are described in more detail in the subse-
quent sections.

Field Inventory Data

The field inventory was carried out in the summer of 2012
over a network of permanent FRPs (0.04 ha, each) that were orig-
inally established by using a stratified random sampling design.
Plot-center coordinates were obtained using a Trimble GeoXH
6000 GPS with differential correction postprocessing (via Trim-
ble Pathfinder Office software) that resulted in an average hor-
izontal precision of 0.80 m. Field data from both fixed-radius
and variable-radius sampling schemes were obtained for a total
of 47 plots across the 6 sampled stands. The number of plots per
stand ranged from 4 to 13, depending on stand size, tree density,
and stand heterogeneity, with a minimum sampling intensity of
1 plot per 3.8 ha (based on a maximum sampling error objective
of 20%; Table 1). The FRP inventory was supplemented with a
VRP inventory in September 2013, using a BAF of 1.15m?> ha™!
(BAF 5) at the existing plot locations. For the FRPs, tree species
and DBH (for trees > 10 cm) were recorded, and the total height
of the smallest and largest trees of each species within the plot
was measured using a Haglof Vertex Laser VL400 Hypsometer.
For the VRPs, DBH and species were recorded for every tree
selected with a BAF 5 prism, and the horizontal distance of each
tally tree from the plot center (at breast height level) was also
measured, using the laser hypsometer fixed on a tripod directly
over plot center.

Additional VRP data corresponding to larger BAFs (i.e.,
smaller sampling probabilities) were derived from the BAF 5

data, using the limiting distance Equation 1. These larger BAF
sizes corresponded to sampling probabilities of 1.60 m? ha™!,
2.06 m? ha=!, 2.29 m? ha=!, 2.75 m? ha~!, 3.21 m? ha~! and
3.44 m? ha~! (hereafter denoted as their imperial unit equiva-
lents of BAF 7, BAF 9, BAF 10, BAF 12, BAF 14, and BAF
15, respectively). The derived inventory data for larger BAFs
were based on the comparison of the measured horizontal dis-
tance of a tally tree from plot center to the calculated limiting
distance, using Equation 1. The limiting distance is the maxi-
mum horizontal distance from plot center to the face of a tree,
with a given DBH, so that the tree would still be considered
a tally tree according to the sampling probability (i.e., BAF).
If the measured distance was less than or equal to the limit-
ing distance, then the subject tree was considered a tally tree
at the selected BAF. The limiting distance (R) was calculated
as

R _ 56962
~ VBAF

where R is in meters, BAF is in m? ha~! tree~!, and DBH is in
cm.

Individual tree volumes were calculated using regional
species-specific equations adopted by the United States Forest
Service’s Forest Inventory and Analysis program (O’Connell
et al. 2013), details of which can be found in Miles and Hill
(2010) and Woodall et al. (2010). Plot-level volume was cal-
culated as the volume of individual trees summed then multi-
plied by the appropriate sampling weight (Avery and Burkhart
2002).

x DBH, (1]
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LiDAR Data and Processing

LiDAR data for the area were collected in June 2011 by
Aerometric, Inc. (Sheboygan, WI, USA) using a RIEGL LMS-
Q6801 airborne laser scanner on board a helicopter flown at an
altitude of approximately 457 m and a ground speed of 111 km
per hour. The LiDAR system, which operated at 1550 nm with
pulse frequency of 400 kHz and scan angle of £30° from nadir,
generated an average point density of 18 pulses per square me-
ter. The sensor captured up to 9 returns per pulse. The dataset
was processed using FUSION software (McGaughey 2014) to
produce information quantifying forest structure as well as el-
evation of the bare-earth surface. The “ground filter” tool in
FUSION was used to separate ground and nonground returns,
using default coefficients for the weight function (described in
McGaughey 2014) and a tolerance value of 0.03 m after 10
iterations. A high-resolution (1.5 m) digital elevation model
(DEM) was then created from the filtered ground returns and
applied to normalize the raw LiDAR point cloud so that the
remaining LiDAR returns represented the elevation of returns.
Plot-level forest structure metrics were calculated by clipping
the nonground returns for the size of the FRP (11.3 m radius)
and other 23 different radii ranging from 7 m to 38 m (“Li-
DAR extracted areas’; Table 2). These metrics were based on
the returns above 1.3 m from the ground surface (approximately
equal to the height at which DBH is measured), and included
the suite of metrics described in Hudak et al. (2008), Falkowski
et al. (2010), and McGaughey (2014). Altogether, 57 metrics
representative of canopy cover, height distributional statistics,
and relative vegetation density by height class (i.e., percentage
returns by height strata) were derived (see Appendix for the
comprehensive list and definition of predictor metrics used in
the models).

Modeling Standing Volume

The optimal LiDAR extracted area (i.e., clip radius) to couple
VRP data with colocated plot-level LiDAR metrics was deter-
mined across the range of VRP BAFs, using a model selection
procedure (Murphy et al. 2010) dependent on the Random For-
est algorithm (RF; Breiman 2001; Cutler et al. 2007; Liaw and
Wiener 2002). The model selection procedure was run in the R
statistical software package (R Core Team 2013) after deriving
a suite of aforementioned LiDAR metrics at each plot loca-
tion at different resolutions, based on Equation 1. Specifically,
Equation 1 was used to calculate a range of limiting distances
from which to vary the clipping radii of the LiDAR samples
(Table 2). This approach was intended to minimize the exclusion
of tally trees from the LiDAR sample and improve the geometric
consistency between the VRP data and the LiDAR sample.

For each model, a standard variable screening process, based
on the QR-decomposition algorithm (Cizkova and Cizek 2012;
Falkowski et al. 2009) was employed to remove multicollinear
variables from the entire set of 57 LiDAR metrics. Although
the RF algorithm can handle datasets with high dimensionality,
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previous research has demonstrated that the presence of multi-
collinear variables negatively impact RF model performance
(Evans and Hudak 2007). Following multicollinear variable
screening, the RF model selection procedure (Evans and Mur-
phy 2015) was employed to obtain RF models with an optimal
set of LiDAR metrics for predicting plot-level volume across
each set of BAFs and LiDAR extracted areas. The model se-
lection procedure is designed to derive the most parsimonious
model by selecting a suite of predictor variables (i.e., LIDAR
metrics) that optimize the RF model improvement ratio and vari-
ation explained by the individual model (Murphy et al. 2010).
The impact of LiDAR metrics of varying resolution on the re-
sponse variable (standing volume) from VRP was evaluated to
identify the optimal LiDAR extracted area for each BAF. The
LiDAR-extracted area leading to the least RMSE was taken as
the optimal, and the BAF that minimized both bias and RMSE
was preferred for the VRP model. The optimal extracted area
for a preferred BAF was eventually adopted for development of
wall-to-wall LiDAR grid metrics to spatially extend the VRP
data over the area of interest.

The impact of incorporating a mixture of FRP and VRP data
on model accuracy was also assessed in an effort to improve
inventory efficiency and accuracy. Specifically, different ratios
of plot numbers from both FRP and VRP sampling were used for
training the volume models; the ratios of FRP to VRP numbers
tested were 64:36, 36:64, 32:68, 68:32, and 50:50, so that the
sample size was 47 plots in each model-training set. For this
analysis, the LiDAR data were clipped and summarized into
structural metrics at resolutions corresponding to the FRP size
(11.3 m radius) and the optimal LiDAR extracted area for the
preferred VRP BAF, after which the 2 datasets were pooled.

Mapping Standing Volume and Accuracy Assessment

After completing the modeling procedure, spatially explicit
maps of standing volume were generated via a k nearest neighbor
(k-NN) imputation approach based on the top two performing
VRP models. The spatial resolution of predictor LiDAR grid
metrics was set equivalent to the optimal size of VRP for the 2
most suitable BAFs. Specifically, the yalmpute R package was
used to implement a kNN imputation approach based on the RF
algorithm (Crookston and Finley 2008; Falkowski et al. 2010;
Hudak et al. 2008). The RF-kNN imputation approach leverages
the RF proximity matrix (quantifying statistical proximity of
observations) to determine nearest neighbors (see Falkowski
et al. 2009) for a detailed description of this approach). Standing
volume was also mapped, using the same approach solely based
on FRP data and gridded LiDAR metrics at the corresponding
spatial resolution (22.6 m)

The accuracy of VRP-based volume prediction was evalu-
ated at the plot-level via a goodness-of-fit (correlation, RMSE,
and bias) comparison with the FRP field measurements. Fol-
lowing Robinson et al. (2005) and Robinson and Froese (2004),
equivalence tests were conducted to assess the statistical equiv-
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TABLE 2
Summary of VRP sampling statistics across the range of BAFs at the 6 x target stands
No. of Plots
Total Tally =~ Min. Tally with Less Average Max.
Treesinall  Trees per Max. Tally Trees than 4 tally Average Max. DBH  Limiting Limiting
BAF 47 Plots Plot per Plot trees DBH (cm) (cm) Distance (m) Distance (m)
5 840 6 33 0 23.9 81.6 11.2 38.1
7 627 5 27 0 243 81.6 9.6 322
9 479 2 22 1 243 81.6 8.5 28.4
10 441 2 21 1 245 81.6 8.1 27.0
12 367 2 18 5 247 81.6 7.4 24.6
14 317 2 14 9 24.6 81.6 6.9 22.8
15 291 2 14 11 24.5 81.6 6.6 22.0

alence of VRP-based predictions to FRP field measurements
(the region of equivalence for the intercept and slope were both
set to 25%, which is default in the R equivalence package).
The equivalence test relies on a subjective choice of a region
in which difference between predicted and observed values are
considered negligible. A region of equivalence (or indifference)
set to + 25% of the standard deviation around the mean imply
that predicted and observed values are equivalent if the absolute
value of the mean of the differences is less than 25% of the stan-
dard deviation. In addition to plot-level comparison, stand-level
volume estimates from the 2 VRP models were also compared
with stand-level estimates derived from the FRP model within
each of the 6 sampled stands. However, an equivalence test could
not be performed for the stand-level comparisons, because the
sample size was too small.

RESULTS

Comparisons of the plot-level volume estimates, with the 7
different intensities of VRP at each sample location, revealed
that VRP sampling with BAF 9 provides the most similar inven-
tory (in terms of bias) to the FRP sampling at the same locations
(Table 3a). RMSE decreased with decreasing BAF until becom-
ing relatively stable at BAF 9. Hence, BAF 9 was identified as
the optimal or preferred among the other VRP scales. When
the sample plots were split into 2 different groups based on

development stage (young and old), analysis of residuals re-
vealed that the BAF 9 performs better (lower bias and error)
in young stands, whereas BAF 10 performs better in the old
stands (Tables 3b and 3c). It was also evident that the VRP-
based inventory had a larger bias in the young stands compared
to the old stands, and the estimates were negatively biased (i.e.,
underestimated) with smaller BAFs in high biomass areas (i.e.,
old stands; Table 3c). The VRP-based volume estimates demon-
strated that larger BAFs overestimated volume in low biomass
areas, whereas smaller BAFs underestimated volume in high
biomass areas. In addition, the variance of VRP estimates in-
creased with increasing mean volume (of FRPs) across all BAFs
tested.

The FRP model had an RMSE of 31.8 m? ha~!, which, as
expected, was the least across all models that were based on the
entire set of 47 plots (Table 4). The FRP model was, therefore,
taken as the reference model. Integrating the VRP data with
LiDAR data at a fixed sample radius (11.35 m) resulted in lower
amounts of variation explained and higher RMSE compared to
models that integrated an optimized radius for LIDAR samples
for each BAF (Table 4). The optimal resolution of LiDAR ex-
tracted area declined with increasing BAF; the optimum was 9 m
radius for the preferred BAF 9 or 10. The combination of inven-
tory data from FRP and VRP, in different ratios from both young
and old stands, and LiDAR metrics at respective resolutions

TABLE 3a
Residual errors and correlation statistics between VRP-based and FRP-based volume estimates across all plots
Statistics BAFS5 BAF7 BAF9 BAF10 BAF12 BAF14 BAF15
Bias (m? ha™1) -2.5 3.8 1.5 4.5 4.8 5.7 3.5
Relative bias (%) —23 34 1.4 4.1 4.3 5.0 3.2
RMSE (m? ha™") 35.7 354 36.2 38.6 41.0 45.1 44.7
Relative RMSE (%) 34.19 31.9 332 34.5 36.6 39.9 40.4
Corr. coef. 0.9 0.9 0.9 0.9 0.7 0.8 0.8
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TABLE 3b
Residual errors and correlation statistics between VRP-based and FRP-based volume estimates across plots in the young stand
development class

Statistics BAF5 BAF7 BAF9 BAF10 BAFI2 BAF14 BAFI15
Bias (m? ha™!) 11.0 11.1 7.11 7.7 6.9 7.9 8.0
Relative bias (%) 15.9 16.1 10.9 11.7 10.7 12.0 12.2
RMSE (m® ha™1) 21.5 24.8 226 26.8 27.1 29.4 30.9
Relative RMSE (%) 31.2 36.0 34.9 40.9 41.8 44.7 47.0
Corr. coef. 0.6 0.6 0.5 0.4 0.4 0.3 0.3

revealed that inclusion of a higher proportion of FRPs from
older stands produced better models in terms of RMSE. Sim-
ilar results were obtained when the training data contained a
mixture of VRP data from the 2 top-performing levels of BAF
(9 and 10) and FRP data (i.e., sampling designs were mixed
within and between stands) and models were developed using
LiDAR metrics at respective resolution (see the last 5 rows in
Table 4). This implies that VRP data from younger stands and
FRP data from older stands, or only VRP data from all stands,
can be combined to formulate a generalized model with some
compromise in accuracy.

The selected LiDAR metrics in the 2 VRP and FRP models
were relatively stable between all models (Figure 4). The relative
importance ranking of predictors (% increase in mean square
error) show that Stratum5 (see definition in Appendix) was the
most important LIDAR metric in all 3 models, and the suite of
LiDAR metrics for each model included metrics related to both
vegetation height distribution and cover.

Comparisons of the plot-level volume estimates of the BAF 9
and BAF 10 imputation models against the FRP measurements
are presented via equivalence plots in Figure 5. The equivalence
test uses the null hypothesis of dissimilarity of 2 target datasets
being compared (Robinson et al. 2005; Robinson and Froese
2004). According to this test, if 2 one-sided confidence intervals
(at a given alpha level) for the slope and intercept of the line
of best fit each lie within a specified region of similarity, the 2
datasets are statistically equivalent. Because the line of best fit
for the VRP BAF 10 model predictions in Figure 5 lies within the

region of similarity (i.e., 25% for both slope and intercept), and
the confidence intervals for slopes and intercepts lie within the
respective regions of similarity, the VRP BAF 10 model-based
estimates are statistically equivalent to the FRP measurements.
However, the null hypothesis of dissimilarity was not rejected
for VRP-BAF-9-model estimates at 25% region of similarity
because the confidence interval for the slope extends partly
outside the region.

Scatterplots of observed against predicted volume for the 3
sampling strategies (FRP, VRP BAF 9, and VRP BAF 10) reveal
strong, linear relationships (Figure 6). Observed correlations
were 0.95, 0.92, and 0.92 for the FRP, VRP BAF 9, and VRP
BAF 10 models, respectively. However, when the data were
divided into young and old stands, the relationship was found
to be weaker, especially for young stands. For the young stands
only, the correlation coefficients were 0.66, 0.52, and 0.75 for
the FRP, VRP BAF 9, and VRP BAF 10 models, respectively.

Comparison of the stand-level mean volume estimates ob-
tained from the standing volume maps corresponding to the FRP
and VRP models (i.e., raster outputs at 18-m resolution for the
VRP models, and at 22.6-m resolution for the FRP model; fig-
ures not shown) revealed that the BAF 10 model is least biased.
Because the volume estimates from the FRP model are assumed
to be the best (i.e., closest to measured growing stock), the VRP
model estimates were compared to the FRP model estimates.
The average biases were found to be —9.8 and —0.4 m* ha™!
for the BAF 9, and BAF 10 models, respectively. The (pixel
level) means of the volume maps obtained using the FRP and

TABLE 3c
Residual errors and correlation statistics between VRP-based and FRP-based volume estimates for plots in the old stand
development class

Statistics BAF5 BAF7 BAF9 BAF10 BAFI12 BAF14 BAFI15
Bias (m? ha™!) ~26.2 9.1 -82 ~1.1 0.9 1.7 —4.4
Relative bias (%) ~15.6 —4.9 —4.4 -0.6 0.5 0.9 23
RMSE (m® ha™1) 52.1 48.7 49.4 53.3 57.9 63.9 61.9
Relative RMSE (%) 31.0 26.3 26.5 27.6 29.6 32.6 32.6
Corr. coef. 0.6 0.6 0.6 0.6 0.7 0.6 0.6
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TABLE 4
A summary of RF-based models from the different combinations of field plot inventory data and LiDAR derived predictors.
Lowest RMSE per sampling strategy is indicated in boldface

Description of Model Inputs % Variance Explained RMSE (m? ha™ 1) LiDAR Extract Radius (m)

Based on FRP samples only (volume from FRP; LiDAR from 11.33 m radius)

All 47 FRP samples 81.1 31.8 11.3
30 FRPs (in young stands only) 6.4 17.3 11.3
17 FRPs (in old stands only) 23.1 42.5 11.3
Based on VRP samples only (volume from VRP; LiDAR from an optimum radius)

30 VRPs @BAF 5 (in young stands only) 26.1 19.2 15

30 VRPs @BAF 9 (in young stands only) 35.3 20.7 9

30 VRPs @ BAF 10 (in young stands only) 28.9 22.6 9

17 VRPs @ BAF 5 (in old stands only) 28.4 44.3 15

17 VRPs @ BAF 9 (in old stands only) 24.5 54.1 9

17 VRPs @ BAF 10 (in old stands only) 23.9 59.1 9

47 VRPs @ BAF 5 65.6 352 15

47 VRPs @ BAF 7 61.6 43.8 11

47 VRPs @ BAF 9 72.9 37.9 9

47 VRPs @ BAF 10 65.6 43.7 9

47 VRPs @ BAF 12 61.5 50.5 8

47 VRPs @ BAF 14 61.3 50.9 8

47 VRPs @ BAF 15 61.2 49.3 8

Based on VRP samples (volume from VRP; LiDAR from 11.33 m radius)
47 VRPs @ BAF 5 61.7 37.2 11.3
47 VRPs @ BAF 7 61.8 43.7 11.3
47 VRPs @ BAF 9 68.2 41.2 11.3
47 VRPs @ BAF 10 65.6 45.7 11.3
47 VRPs @ BAF 12 60.0 51.5 11.3
47 VRPs @ BAF 14 57.3 535 11.3
47 VRPs @ BAF 15 55.7 52.7 11.3
Based on mixed FRP and BAF 9 samples*
30 FRPs in young + 17 VRPs in old stands 74.3 37.5 11.3;9
30 VRPs in young + 17 FRP in old stands 78.7 333 11.3;9
Less FRPs and more VRPs (32:68) for all stands 70.5 40.6 11.3;9
More FRPs and less VRPs (68:32) for all stands 76.5 34.6 11.3;9
50% FRPs & 50% VRPs per stand 72.7 37.7 11.3;9
Based on mixed FRP and BAF 10 samples*
30 FRPs in young + 17 VRPs in old stands 69.6 43.6 11.3;9
30 VRPs in young + 17 FRP in old stands 76.8 347 11.3;9
Less FRPs and more VRPs (32:68) for all stands 68.1 44.9 11.3;9
More FRPs and less VRPs (68:32) for all stands 76.5 34.8 11.3;9
50% FRPs & 50% VRPs per stand 69.6 40.5 11.3;9
Based on mixed FRP and BAF9 and BAF10 samplest

30 FRPs in young + 17 VRPs in old stands 72.3 41.0 11.3;9
30 VRPs in young + 17 FRP in old stands 71.5 344 11.3;9
Less FRPs and more VRPs (32:68) for all stands 68.9 42.6 11.3;9
More FRPs and less VRPs (68:32) for all stands 77.1 344 11.3;9
50% FRPs & 50% VRPs per stand 71.5 38.9 11.3;9

“volume from respective plots and LiDAR from 11.33 m radius for FRP & 9 m radius for VRP; fvolume and LiDAR from respective plots; 50%
VRP data from BAF9, and 50% from BAF 10.
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FIG. 6. Scatterplots of field-observed plot volumes by the FRP, VRP BAF 9, and VRP BAF 10 sampling strategies against the

predicted values by age class.

VRP BAF 9 and BAF 10 models were found to be 78.3, 65.4,
and 71.9 m* ha™!, respectively, which also implies that the BAF
10 model had the least bias. The (pixel-level) standard devi-
ations of the maps were found to be 56.9, 50.6, and 56.6 m?
ha~! for the FRP and VRP BAF 9 and BAF 10 models, respec-
tively, which suggests that the FRP model best describes forest
structural variability, followed by the BAF 10 model.

DISCUSSION

The overarching goal of this study was to conduct a detailed
assessment of the integration of LiDAR and VRP data, with
the ultimate aim of improving the efficiency of LiDAR-based
inventories. To meet this objective, we first explored 2 questions
focused on understanding (i) the optimum LiDAR resolution to
employ when working with VRP data collected with different
sampling probabilities, and (ii) how model accuracy is affected
when using VRP data rather than the more traditional approach
of using FRP data. Our results reveal that the optimum size
of LiDAR metrics for the VRP-based inventory is dependent
on forest structural complexity (both development stage and
forest composition) as well as the sampling intensity (BAF);
hence, choosing the right value for both is important in order
to maximize efficiency. A comparison of design-based volume
estimates from VRP with FRP revealed that BAF 9 performed
best followed by BAF 10 (Tables 3a,b,c). LIDAR-based models
trained on the VRP datasets similarly revealed that BAF 9 and
BAF 10 models performed best when paired with LiDAR met-
rics calculated at a spatial resolution of 18 m diameter, evaluated
using explained variance and RMSE (Table 4). As expected, Li-
DAR models trained on FRP data performed best when LiDAR
metrics were derived at a spatial resolution approximating FRP
diameter (22.6 m). This finding reflects the importance of spa-
tially matching the location, size, and shape of field plots with
the location, size, and shape (i.e., resolution) of LiDAR metrics.

Equivalence tests comparing plot-level volume predictions
(m* ha=!) by VRP BAF 9 and BAF 10 models against the
FRP field measurements show that the BAF 10 model, but not
the BAF 9 model, produces estimates statistically equivalent to
FRP-based estimates. Similarly, the comparisons of stand-level
total volume estimates by the 2 VRP-based models against the
FRP model suggest that the BAF 10 model is least biased. Avery
and Newton (1965) reported that BAF 10 VRPs are roughly
equivalent to 0.04 ha and 0.02 ha FRPs, in terms of tree tallies, in
stands with average DBH of 34.2 cm and 24.1 cm, respectively.
It seems plausible that BAF 10 sampling approximates 0.04 ha
FRPs in our study area, since the optimal resolution of LiDAR
metrics for the VRP BAF 10 model was found to be 18 m
diameter (equivalent to 0.032 ha) and the average DBH of the
stands ranged from 14.4 cm to 24.1 cm. This is further supported
by the low RMSE for models based on LiDAR samples from
FRP and inventory data collected at the VRPs with BAF 9 and
BAF 10 (41.2 and 45.7 m?* ha™ !, respectively; Table 4).

The observation that BAF 10 performed best in our study area
is reassuring for multiple reasons. In the given structural condi-
tions, BAF 10 VRP sampling included the optimal numbers of
trees per plot (at least 4) across all stands in our study area; ac-
cording to Avery and Burkhart (2002), Schreuder et al. (1993),
and NRIS (2014), at least 4 trees should be selected per VRP
to obtain reliable estimates. Although an optimal scale of VRP
depends on forest structural variability, our result of equivalent
volume estimates by BAF 10 VRP and FRP models conforms
to Avery and Newton (1965), who reported similar volume es-
timates using BAF 10 and 0.04 ha FRP field sampling. Further,
angle gauges with BAFs in multiples of 5 ft*> ac~! are commonly
available.

The integration of VRP data with colocated LiDAR metrics
from fixed-radius samples (11.35 m) resulted in higher RMSE
compared to models that integrated an optimized radius for Li-
DAR samples for each BAF. Our results suggest that the optimal
LiDAR extracted area decreases with increasing BAF. This can
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be explained by the observation that increasing BAF increases
sighting angle and diminishes apparent spatial coverage of a
VRP (i.e., for a tree of given DBH to be included in the tally, it
must lie closer to the plot center with increasing BAF). Includ-
ing sample plots in a LiDAR-dependent inventory that are too
small or too large also involve drawbacks due to edge effects
(White et al. 2013) or smoothing of LiDAR predictors with
expanding grid size. The edge effect for smaller plots might
be significant, particularly in situations where tree stems along
plot borders that are not contained within the field sample have
crown components included or contained within the colocated
LiDAR sample. A reverse case is also possible when trees are
actually within the field sample but portions of crown elements
are not within a colocated LiDAR sample (e.g., due to lean-
ing trees). This error due to edge effect increases as plot size
(and more particularly the perimeter/arearatio) decreases. White
et al. (2013) suggested that a LIDAR metric grid size greater
than 15 m produces acceptable results in most forest types.

The results presented herein suggest that data collected us-
ing VRP sampling can provide inventory estimates comparable
to that based on FRP sampling as long as each VRP contains
> 4 tally trees and the identified optimum radius for the VRP
approximates the standard size of FRP (i.e., 0.04 ha). Com-
bining a suite of LIDAR metrics with data from fixed-area plots
against variable-radius plots in the older stands improved model
accuracy by a small amount (i.e., from 74.2% to 78.6% for BAF
9, and from 69.6% to 76.8% for BAF 10). In other words, sub-
stituting FRPs for VRPs in the young stands did not improve
accuracy. However, because the young stands contained low-
standing volumes, it could be that VRP can work well in older
stands that have large volumes. Scott (1990) reported that VRP
samples perform better than FRP in older stands with larger
trees and a wide range of diameters. Note that FRP sampling
requires more sample trees per plot than VRP sampling in or-
der to yield volume estimates with the same level of precision
(Matern 1972).

Application of plot inventory data from mixed sampling
schemes (FRP and VRP, or only VRP at different levels of BAF)
at separate locations in model building also seems to work well
in terms of goodness-of-fit statistics (variance explained ranged
from 68.93% to 77.52%). However, the use of multiple BAFs
in LiDAR-based multistand inventory is work intensive because
multiple LiDAR grids at different resolutions corresponding to
different BAFs need to be prepared in order to extend the model
spatially in order to produce maps.

Because volume is a 3-dimensional metric, we used all non-
ground LiDAR returns from various canopy height strata for
the inventory estimation (Wulder et al. 2008). The removal of
collinear predictors and selection of an optimum suite of LIDAR
metrics in the models showed that canopy height distribution,
percent cover, and vertical strata density metrics were the most
influential in model training. The selected LiDAR metrics were
relatively stable among all models. Vertical strata density (e.g.,
Stratum5) and canopy height distribution metrics were particu-
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larly influential predictors because volume in conifer forests is
more related to height than crown size.

The errors in the LIDAR-based models can be attributed to
several factors. A prominent factor is accuracy of plot-center
coordinates that influences spatial matching of LiDAR data and
field inventory (Gleason and Im 2011). The average horizontal
precision of the plot coordinates from differentially corrected
GPS data in our study was about 0.8 m. Nonetheless, it is pos-
sible that the extracted LiDAR samples for the field plots could
exclude portions of canopy of sampled trees and include canopy
elements of trees that are outside the plot. A tree just outside
the plot or a leaning tree can contribute a large number of re-
turns in the LiDAR samples. The use of allometric equations
for volume calculation also introduces error, both because the
equations might be dated and unsuitable for the contemporary
forest, and because they contain intrinsic prediction error that is
otherwise not accounted for in our analysis.

Overall, the apparent reduction in precision when choosing
the best VRP design over the FRP design for our data (VRP9
with a 9 m LiDAR extract area) was about 19% (i.e., RMSE of
31.8 m> ha~! for FRP vs 37.9 m3® ha~! for VRPY; see Table 4).
The model developed from FRP data within young stands (n =
30) had a much lower RMSE than the model from FRP data
within old stands (n = 17), and the same pattern was reflected
in models developed from VRP data, although the RMSE was
larger than for FRP models for the same age class (Table 4).
These results suggest that LIDAR had greater sensitivity to vol-
ume in younger stands, regardless of inventory design. However,
the relative difference in precision between VRP and FRP mod-
els was much larger for the old stand age class. For example, for
young stands, the RMSE for the VRP9 model was 19.6% larger
than that for the corresponding FRP model, but for old stands
the RMSE for the VRP9 model was 27.3% larger. Thus, the
magnitude of the loss of accuracy depends on the stand struc-
ture, and modelers who elect to use VRP designs should expect
a larger negative effect in higher-volume stands. Notably, the
combination of inventory from FRP and VRP, in different ratios
from both young and old stands, and LiDAR metrics at respec-
tive resolutions revealed that including a higher proportion of
FRPs from older stands produced a better model. This might
indicate that the primary cause for the reduction in precision
is increasing spatial mismatch between VRP field data and Li-
DAR metrics. It might be that the reduction in precision in such
circumstances could be compensated for by increasing the size
of the training dataset, by collecting additional plots, and this
should be investigated in future research.

CONCLUSIONS

Although the FRP-based LiDAR inventory produced the
most accurate results, VRP sampling was shown to be a useful
means to enhance inventory efficiency through integration with a
LiDAR dataset in our forest types, including young stands. How-
ever, selection of an optimal BAF and corresponding LiDAR-
extracted area had notable influence on accuracy, and the
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optimum varied with stand structure and complexity. VRP sam-
pling of younger stands in the study resulted in a larger relative
bias compared to the older stands. VRP sampling using BAF 10
was the most suitable in our area because it tallied at least 4 trees
per plot and overcame practical difficulties associated with the
use of several BAFs. As expected, integration of FRP data with
LiDAR data provided the best model. Nevertheless, VRP data
have the potential to be leveraged with LIDAR data for inventory
prediction, with some compromises in accuracy. VRP data can
also be combined with FRP data (or substituted for FRP data)
for spatial inventory with LiDAR derived metrics at an optimum
grid resolution. Fixed-area plots in the older stands against vari-
able plots improved model accuracy by a small amount, which
implies that VRP can work well in older stands that have large
volumes. A combination of VRP data from younger stands and
FRP data from older stands, or only VRP data from all stands,
can be used to formulate a generalized model with accuracy
comparable to an FRP-only model.
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APPENDIX (Continued)
Description of 90 different LiDAR metrics used in this ] .
study Predictor Description
: ElevL3 Elevations third L-moment
Predictor Description ElevL4 Elevations fourth L-moment
. ElevLCV Elevations L-moment coefficient of variation
PropT proportion of total return > 1.5 m (total .
ElevLskew  Elevation L-moment skewness
returns > 1.5 m/total returns) . .
. ElevLkurt Elevation L-moment kurtosis
Propl proportion of first return > 1.5 m (first . . . . .
returns > 1.5 m/total returns > 1.5 m) ElevP-i Elevations ith percentile, where i = 1, 5, 10,
Prop2 proportion of second return > 1.5 m (second 22212959 30,40, 50, 60, 70,75, 80, 90, 95,
returns > 1.5 m/total returns > 1.5 m) . . . .
. . . CRR Canopy relief ratio ((mean-min)/(max-min))
Prop3 proportion of third return > 1.5 m (third h .
EQM Elevation quadratic mean
returns > 1.5 m/total returns > 1.5 m) . .
. ECM Elevation cubic mean
Prop4 proportion of fourth return > 1.5 m (fourth . .
returns > 1.5 m/total return count > 1.5 m) Density1 overstory canopy density as% of first return
Prop5 proportion of fifth return > 1.5 m (fifth 1>0(3);n (Ist returns > 3m/total 1st returns x
returns > 1.5 m/total return count > 1.5 m) . .
ElevMin Elevations minimum Density2 overstory canopy density as% of all return >
ElevMax Elevations maximum 3m (all returns > 3m/total all returns x
ElevMean Elevations mean . 100)
ElevMode Elevations mode Density3 Percentage first returns above mean
. . Density4 Percentage first returns above mode
ElevSD Elevations standard deviation .
ElevVar Elevations variance Density5 Percentage all returns above mean
. . .. Density6 Percentage all returns above mode
ElevCV Elevations coefficient of variation .
. . . StratumO proportion of ground return
ElevIQR Elevations interquartile range .
ElevSkew Elevations skewness Stratum1 proportion of aboveground returns below
ElevKurt Elevations kurtosis 1.5 m .
. o Stratum?2 proportion of vegetation returns above 1.5 m
ElevAAD Elevations average absolute deviation and below 6 m
EMADmed Median of the absolute deviations from the . .
overall median of elevations Stratum3 proportion of vegetation returns above 6 m
EMADmod Mode of the absolute deviations from the and b'elow 10-6m .
overall mode of elevations Stratum4 proportion of vegetation returns above
ElevL1 Elevations first L-moment 10.6 m and below 1.5'2 m
Elev2 Elevations second L-moment Stratum5 proportion of vegetation returns above
(Continued on next column) 15.2 m and below 1.9'8 m
Stratum6 proportion of vegetation returns above

19.8 m






