
Article

Stand validation of lidar forest inventory modeling for a
managed southern pine forest
Jacob L. Strunk a and Robert J. McGaugheyb

aUSDA Forest Service Pacific Northwest Research Station, 3625 93rd Avenue SW, Olympia, WA 98512, USA; bUSDA Forest Service
Pacific Northwest Research Station, University of Washington, P.O. Box 352100, Seattle, WA 98195-2100, USA

Corresponding author: Jacob L. Strunk (email: jacob.strunk@usda.gov)

Abstract
We evaluated area-based approaches (ABAs) to light detection and ranging (lidar) predictions of plot- and stand-level forest

attributes (tree count, height, basal area, volume, aboveground biomass, broadleaf/conifer, and diameter at breast height——
“diameter”). ABA methods included post-stratification (PS), ordinary least squares (OLSs) regression, k nearest neighbors (kNN),
and random forest (RF). This study was conducted on the Savannah River Site in South Carolina, USA. Plot- and stand-level
predictions were validated against fixed-radius 0.04 ha (0.1 acre) plots in 49 ≈2.0 ha (5 acre) stands. Our findings demonstrate
that lidar can be incorporated operationally into forest inventory systems to provide stand-level inferences for a wide range
of forest attributes. Volume predictions for specific diameter classes, however, often fared poorly (root mean squared error
(RMSE) > 100%) for the methods we explored, especially for larger (less common) diameter trees. Stand-level results were
consistently better than pixel-level results (10–200+ percentage points). kNN and RF performed similarly and better than
OLS and PS, but RF was the most robust to model configurations, while kNN has practical advantages such as simultaneous
predictions of many attributes.
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1. Introduction
Forest inventories provide information needed by land

managers to assess forest conditions with respect to objec-
tives such as sustainable yield, preservation, and wildlife
habitat. Under ideal conditions, forest managers would have
access to both high spatial and high temporal resolution
inventory data providing details at stand and substand
levels. However, costs and operational complexities often
result in relatively sparse samples and infrequent measure-
ments. To reduce costs and improve performance, forest
inventories have leveraged remote sensing data (especially
airborne imagery) for over 100 years (e.g., Latham and Mc-
Carty 1972; Justice and Townshend 1982). More recently, air-
borne light detection and ranging (hereafter simply lidar) has
been demonstrated to provide spatially explicit, high resolu-
tion, wall-to-wall information (Næsset 1997a; Magnussen and
Boudewyn 1998). This study focuses on applications of lidar
inventory using area-based analysis, or the quantification of
forest attributes for areas including plots, pixels, stands, and
tracts. Lidar individual-tree-based methods are not discussed.

Lidar provides a snapshot of terrain and vegetation struc-
tural characteristics at a resolution which is finer than tree
scale. Pulse densities for modern lidar acquisitions in the
United States often exceed 4 pulses/m2 (≈ 8 pulse/m2 for
this study) which provides enough detail to produce accu-
rate canopy and terrain surfaces, and exceeds the thresholds

needed to support various methods to model vegetation
attributes (Holmgren 2004; Strunk et al. 2012). Lidar pro-
vides direct measurements of forest structure information
such as vegetation height, crown shape (Vauhkonen et al.
2009), height quantiles (Magnussen and Boudewyn 1998), and
canopy cover (Korhonen et al. 2011). While lidar has proven
effective to quantify forest attributes such as volume per
hectare, aboveground biomass, and carbon per hectare, li-
dar can also be used to support a broad range of natural
resource applications including geology, hydrology, habitat
evaluation, and fire risk assessment (Hudak et al. 2009). The
effectiveness of lidar in forest monitoring applications has
been demonstrated around the world (Næsset 2007; Woods
et al. 2011; Magnussen et al. 2018; Cosenza et al. 2022) in-
cluding to replace traditional forest inventories (e.g., Næsset
2014; Maltamo and Packalen 2014).

A distinction is henceforth made between the terms “es-
timation” and “prediction”. Estimation is the calculation of
a statistic from a sample with the intention to characterize
an attribute of the population, such as (commonly) its mean,
total, or variance. Prediction, in contrast, uses a model and
auxiliary variables to calculate a plausible value for an un-
known or unmeasured observation (Weisberg 2005, see p. 34);
for example, it would be prediction to obtain aboveground
biomass for a pixel, plot, or stand from a fitted ordinary
least square (OLS) model for corresponding values of auxiliary
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lidar variables. The distinction between estimation and pre-
diction then, is that in estimation our sample represents a
partial measurement of the population that is used to in-
fer properties of the full population, whereas for prediction,
we have no field-measured information about our target at-
tribute for the unmeasured observation and instead depend
on the fitted model paired with corresponding auxiliary val-
ues. Bradley Efron (2020, see p. 638) demonstrates this dis-
tinction for linear regression: model coefficients computed
from sample data are “estimates” of population coefficients
and individual values generated from the model with aux-
iliary values are “predictions” for new unmeasured observa-
tions.

Arguably, the dominant operational approach to forest in-
ventory with lidar is the area-based approach (ABA). This is
in contrast to individual tree detection (ITD) methods where
individual trees are extracted from the lidar point cloud (e.g.,
Jeronimo et al. 2018), a step that is not required for ABA.
In ABA, corresponding (areal) plot-level field and lidar mea-
surements are related using models, which can then be used
to infer forest inventory attributes from remotely sensed at-
tributes (Means et al. 2000; Næsset 2002). The lidar metrics
are typically statistics computed on the vertical distributions
of return heights (heightlidar = elevationlidar − elevationDTM,
where elevationDTM is derived from the lowest lidar eleva-
tions) for areas corresponding to field plots and for wall-to-
wall grid cells (e.g., 30 m cells). Common height statistics
include median, maximum, height quantiles, and metrics
relative to height thresholds such as proportion of returns
above 2 m. Models fit between area-level lidar metrics and
field-measurement-derived metrics are then used with raster
wall-to-wall lidar metrics to provide wall-to-wall predictions
of forest inventory attributes. The raster predictions are com-
monly aggregated to convenient spatial units such as stands
or watersheds.

A key advantage of an ABA lidar forest inventory is that
it can provide a tract-wide inventory snapshot that can also
be used for stand-level and finer-resolution inferences on a
relatively short timeframe, such as 1 year, and nominally re-
quires only tens to hundreds of plots. This small number of
required plots is advantageous, since managing the measure-
ment of plots and flow of data, especially through time, can
be one of the most difficult parts of forest inventory imple-
mentation. The exact numbers of plots needed to fit reliable
plot-level models will vary by forest attribute (Strunk et al.
2012) and model type (Cosenza et al. 2022), as well as other
factors such as plot and sample design (Gobakken and Næs-
set 2008; Maltamo et al. 2011), and local forest characteristics
(Cosenza et al. 2021). Research in this area has demonstrated
that it is reasonable to expect actionable stand-level informa-
tion from a lidar inventory, since lidar is able to explain a
high proportion of variation in forest attributes strongly as-
sociated with forest height (e.g., Erdody and Moskal 2010;
Woods et al. 2011), where demonstrating empirical stand-
level performances is also one of the objectives of this study.
In comparison, a stand-based inventory using plots in every
stand may require thousands to tens of thousands of plots for
an entire tract, and typically requires many years to imple-
ment (e.g., 5–20 years). An advantage of the stand sampling

inventory over ABA lidar inventory is that any target stand-
level precision may be achieved (on average) by simply ad-
justing the plot sampling intensity——although the amount
of effort required to achieve higher precisions can be pro-
hibitively expensive.

Small area estimation (SAE) is a hybrid approach that we
mention but do not explore, that can leverage advantages of
both direct estimates (based only on plots) and model pre-
dictions, such as those from ABA lidar inventory (Rao 2003).
SAE methods typically rely on having at least some measure-
ments in each of the small areas (e.g., stands). SAE estimators
yield improved small area inferences through the weighted
combination of predictions (synthetic estimates) with direct
estimates for the small areas but can require fewer plots than
direct estimation to achieve the equivalent precision. SAE
methods present an exciting opportunity for improvement
and is an active area of research (e.g., Breidenbach et al. 2018;
Green et al. 2022), although SAE does require additional data
in the form of stand-level measurements relative to a simple
ABA lidar inventory, e.g., lidar ABA based on a few hundred
plots on a grid. SAE is related to this study in that the term
“stand prediction” used here (the mean of pixel predictions
falling within a stand) would be equivalent to a “synthetic
estimate” in SAE terminology.

Publications describing lidar forest inventory studies typ-
ically examine relatively few inventory attributes. Individ-
ual studies have typically focused on two to eight attributes
with the most common being volume per ha, aboveground
biomass per ha, stand height, number of trees per ha, and
basal area per ha. In addition, models typically represent
quantities such as total volume for all live trees but not for
dead trees, and not for species nor size groupings. While li-
dar intensity values and height metrics have been used to
distinguish broad species groups (Ørka et al. 2009), efforts
to characterize inventory attributes for specific size or prod-
uct classes tend to focus on distributions of diameters (where
henceforth “diameter” is used for diameter outside bark at
breast height, 1.37 m) and then use the predicted distribution
to summarize inventory information for diameter classes
(Packalén and Maltamo 2007; Strunk et al. 2017).

Tree species is an important component of most forest in-
ventory and monitoring systems, yet the preponderance of
lidar-based inventory research is dedicated to attributes such
as volume per hectare and stand height. Studies have re-
ported the utility of lidar to predict the proportions of var-
ious species, especially when differentiating between broad
species groups rather than individual species. For example,
Liang et al. (2007) used the difference between first- and last-
return surfaces to differentiate broadleaf from coniferous
species. Ørka et al. (2009) used leaf-on lidar data to discrimi-
nate between a multiple broadleaf species (birch; Betula spp.)
and Norway spruce (Picea abies (L.) Karst.). They found that
the difference between first and last returns was useful along
with the intensity of first returns. Lin and Hyyppä (2016) used
a variety of lidar-derived structure and spectral metrics to pre-
dict the species for individual trees segmented from the point
cloud. These studies suggest that using lidar metrics to pre-
dict broad species groups (such as broadleaf or conifer) or in-
dividual species is possible.
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The body of literature on ABA forest inventory with lidar
typically focuses on plot-level performances for a single mod-
eling method (e.g., commonly, OLSs regression), impeding
our ability to contrast model types while holding everything
else constant. Studies that compare multiple modeling meth-
ods at the plot level include Temesgen et al. (2003), who com-
pared various nearest neighbor (NN) methods for accuracy
when predicting tree lists (list of species and diameter for
every tree), Ver Hoef and Temesgen (2013), who compared
various NN methods with spatial linear models (SLMs) using
simulated and observed forest measurements, Temesgen and
Ver Hoef (2015), who compared SLM, gradient nearest neigh-
bor (GNN) imputation, and random forest (RF) imputation us-
ing simulated and real forestry data, and Shin et al. (2016),
who compared various NN methods, GNN, RF, OLS, SLM, and
geographically weighted regression for predicting several in-
ventory attributes. However, we are not aware of any studies
that evaluate multiple modeling methods for multiple forest
attributes at both plot and stand scales.

Raster data products (e.g., 30 m pixels) generated by ABA
forest inventories are directly usable for forest management.
However, managers typically aggregate pixels to make in-
ferences at coarser scales such as stands, compartments, or
management units. Performance metrics used to assess in-
ventory results, in contrast, are typically derived at the plot
level. While theoretical variance properties can be used to
show that, on average, aggregation of predictions (e.g., to the
stand) yields improved precision relative to pixels, with a few
exceptions (Packalen et al. 2019; Kotivuori et al. 2021), the
magnitude of the effect is not widely appreciated or docu-
mented empirically. In addition, both the manner of aggre-
gation (e.g., compute the stand-level mean of pixels versus
compute stand-level lidar attributes) and the size of pixels
relative to coarser-scale units may affect the properties of
the coarser-scale predictions. Finally, inferences about rela-
tive model performances at the plot scale may differ from
inferences at the stand scale, e.g., the relative precision of
OLS versus k nearest neighbor (kNN) for pixels or plots versus
stands.

Better understanding of ABA performances for various
modeling approaches, forest attributes, and aggregation
units is needed for managers to understand the suitability
of lidar-based inventory methods to support their inventory
objectives. For example, it could be important for land man-
agers to understand the precision of predicted diameter dis-
tributions when attempting to use lidar to assess the need for
thinning, evaluate habitat suitability, or identify stands con-
taining specific products. Independent stand-level validation
can be expensive but is the best way to guarantee defensi-
ble and applicable measures of performance. Cross-validation
approaches can be more cost-effective than independent val-
idation, but there is less confidence that the results are free
from confounding. White et al. (2014) used independent vali-
dation when they compared weight-scale measures of conifer
(various species) merchantable volume to lidar-derived pre-
dictions of merchantable volume for 272 stands harvested be-
tween 2008 and 2010 in central Alberta, Canada and found
that lidar-derived predictions overestimated scale volumes
by only 0.6%. Peuhkurinen et al. (2007) used stand-level

harvester data to demonstrate that ITD with lidar fared
poorly for small trees (<20 cm diameter) but adequately for
larger trees (≥20 cm diameter). Woods et al. (2011) used inde-
pendent validation for predicted top height (average of the
100 stems per ha with the largest diameter), average height
(average height of all trees 9.1 cm diameter and larger),
basal area per hectare, gross total inside bark volume per
hectare, gross merchantable inside bark volume per hectare,
and aboveground biomass per hectare and found root mean
squared error (RMSE) values were generally <20% of the mean
values.

The goal of this study is to evaluate the utility of various
lidar-based ABA forest inventory approaches at both plot and
stand scales for a broad range of essential forest inventory
attributes. To address our goal, we define three primary ob-
jectives with respect to the evaluation of forest inventory ap-
proaches:

1. Quantify lidar ABA forest inventory performance with
RMSE for a diverse set of forest attributes including at-
tributes by diameter class and conifer versus broadleaf
species using independent validation data,

2. Compare RMSE for several plot and stand prediction ap-
proaches including post-stratification (PS), OLS regression,
kNNs, and RF, and

3. Compare plot- and stand-level RMSEs.

2. Materials and methods

2.1. Study site
This study was conducted on the Savannah River Site, a

National Environmental Research Park covering 80 267 ha
(198 344 acres). The Savannah River Site is in the southeast-
ern coastal area of the United States in west central South
Carolina (Fig. 1). In partnership with the Department of En-
ergy (DOE), the USDA Forest Service Savannah River man-
ages nearly 73 653 ha (182 000 acres) of commercial forest
and more than 4856 ha (12 000 acres) of non-forest land for
a variety of natural resources. The remaining 8% of the area
(6614 ha; 16 344 acres) is developed for DOE industrial activ-
ities and is considered non-forest.

The topography is gently sloping with most slopes <10%
(5.7◦). Elevations range from 19 m (62 ft) near the Savannah
River along the southwestern border of the site to 130 m
(426 ft) in the northwest corner of the site.

Forests at the Savannah River Site are about 69% conifer
dominant and 31% broadleaf dominant. Dominant pine
species include longleaf (Pinus palustris Mill.) and loblolly pine
(Pinus taeda L.), and common broadleaf species include var-
ious oaks (Quercus spp.), yellow poplar (Liriodendron tulipifera
L.), blackgum (Nyssa sylvatica Marsh.), sweetgum (Liquidambar
styraciflua L.), red maple (Acer rubrum L.), hickories (Carya spp.),
and holly (Ilex spp.). Bottomland broadleaf forests are found
along streams and on the “islands” or “ridges” in swamps
and major drainages. In these forests, typical broadleaf tree
species include water oak (Quercus nigra L.), laurel oak (Quercus
laurifolia Michx.), sweetgum, elms (Ulmus alata Michx. and Ul-
mus americana L.), red maple, and yellow poplar. Bald cypress
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Fig. 1. The Savannah River Site is in South Carolina in the southeastern United States. Data are UTM NAD83 Zone 17 (feet),
basemap was obtained with ESRI ArcMap 10.7.1 (credits: ESRI, TomTom, US Department of Commerce, Census Bureau).

(Taxodium distichum L.) and water tupelo (Nyssa aquatic L.) are
common in the swamp forests found along the southwestern
boundary of the site, adjacent to the Savannah River.

2.2. Field measurements
Our field sample was designed to support both model fit-

ting and independent plot- and stand-level validation. Model
fitting plots were primarily arranged on a regular grid, and
validation plots were clustered in “validation stands”.

2.2.1. Plot locations

An initial grid was laid out using a 1063 × 1063 m grid
overlaid on the Savannah River Site boundary with a random

start. These grid plot locations were intersected with a non-
forest mask composed of industrial areas, water bodies, ma-
jor roads, and other areas known to be inaccessible due to en-
vironmental and regulatory precautions. Grid plot locations
falling in the masked area (non-forest) were dropped from
further consideration and new locations were drawn from
a set of randomly located replacement locations (a regular
grid with a supplementary set of completely random plot
locations in “forest” conditions). All potential plot locations
were evaluated using 2017 1-m-resolution orthophotos col-
lected by the National Agriculture Imagery Program. The goal
for this evaluation was to identify plot locations with visual
evidence of recent harvest or other significant disturbance
which would cause a condition mismatch between field
measurement and lidar measurement. Any disturbed plots
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were also replaced. Our final sample design included 555
plots.

2.2.2. Validation stands

The validation data set was designed to support both plot-
and stand-level validation and consisted of 50 new stands
designed for the purpose of this study. One of the 49 vali-
dation stands was not measured due to the depth of standing
water on the target stand location at the time of tree mea-
surements. Validation stands were measured using a sample
of nine circular 0.04 ha (0.1 acre) plots arranged in a 3 ×
3 grid and separated by 48.2 m (158 feet) producing a to-
tal of 450 validation plots. Each cluster of nine validation
plots, hereafter called validation stands, represents a 2.023 ha
(5 acre) square area. Validation stands were distributed using
a stratified random process based on vegetation types defined
by predicted basal area per hectare, 95th percentile height,
and first return canopy cover above 2 m (6.56 feet). Vegeta-
tion types were derived using data from a Savannah River
Site lidar inventory project implemented in 2009. Height and
cover were adjusted to account for harvest activity. For stands
harvested since the 2009 lidar collection, both height and
cover were set to 0%. Three strata were defined for each
of the attributes. Vegetation type was “conifer” for areas
with 80% or more conifer basal area per hectare, “broadleaf”
for areas with <20% conifer basal area per hectare, and
“mixed” for all other forested areas. The three height strata
were 0.0–18.3 m (60 feet), 18.3–24.4 m (80 feet), and >24.4
m. First return cover above 2 m strata were 0%–40%, 40%–
70%, and >70%. Validation stands were placed such that
each validation stand fell entirely within a single condition
(combination of broadleaf versus conifer, height, and cover
strata) and such that validation stands did not overlap one
another.

2.2.3. Field plot measurements

All 1005 target plots (555 single plots and 450 validation
plots) were located and monumented prior to the collection
of field measurements. Crews navigated to target plot loca-
tions using recreational grade Global Navigation Satellite Sys-
tem (GNSS) receivers and then plot location data were col-
lected using Javad Triumph 2 GNSS receivers. GNSS data were
collected for at least 15 min (1 s epochs) and post-processed
using a base station approximately 37 km (23 miles) from the
Savannah River Site study area.

Plot field measurements were collected by a contractor be-
tween May 2018 and February 2019 and recorded using an
electronic data recorder. For validation stands, all plots were
0.04 ha (0.1 acre). For the sitewide 1063 m grid of plots, there
were three possible (circular) plot sizes for large-tree mea-
surements. A 0.16 ha (0.4 acre) plot, 0.08 ha (0.2 acre) plot,
or 0.04 ha plot was used if the number of live dominant or
codominant trees (based on light availability) in the initial
0.04 ha plot had <9, 9–18, or >19 trees, respectively.

For all live and dead trees with diameter larger than
7.62 cm (3 in.), the following information was collected: tree

number, species, diameter, height, and crown class based
on light availability. Small (2.54–7.62 cm diameter) live tree
counts were taken by species for 2.54–5.08 cm (1–2 in.) and
5.08–7.62 cm (2–3 in.) diameter classes. Small-tree tallies were
always done on a 0.04 ha (0.1 acre) plot regardless of the large-
tree plot size.

Some of the grid and replacement plots could not be lo-
cated due to lost plot markers or flooding, and some of the
validation plots were harvested before the contractor could
collect their measurements. As a result, field measurements
were collected on 549 of the 555 grid (and random replace-
ment) plots and 439 of 450 target stand validation plots. Re-
placements for plots not measured were not established be-
cause the plot measurement contractor was not equipped to
install new plots and collect GNSS data.

Field measurements were summarized using R (R Core
Team 2020). Volumes for individual trees were predicted us-
ing the National Volume Estimator Library produced by the
US Forest Service (2020) and accessed as a dynamic link li-
brary in R. Bole (wood + bark) aboveground biomass for in-
dividual trees was predicted from equations assembled from
various sources (see Wang 2014 for a list of biomass equa-
tions and sources). A summary of plot-level field attributes is
provided in Table 1.

For each of the attributes shown in Table 1, statistics were
computed for live trees in various subgroups of trees, in-
cluding broad species categories (broadleaf, conifer, and all
species) and 2.54 cm (1 in.) diameter classes.

2.3. Remote sensing data
Lidar data were acquired for the study site on 7–8 March

2018. The total area covered was approximately 96 000 ha
(237 000 acre). The acquisition campaign was designed to pro-
duce a nominal pulse density of 8 pulses/m2 (including 50%
swath overlap) using a Leica ALS70-HP scanner. Acquisition
parameters are shown in Table 2.

Lidar deliverables included classified point cloud in LAS
version 1.2 format with classes 1, 2, 7, and 18 indicating un-
classified, ground, low noise, and high noise, respectively; 1-
m-resolution bare earth surface model; index files for LAS and
bare earth tiles; and metadata.

Point data were processed using FUSION software
(McGaughey 2018) to produce point height (from point
elevations less ground elevations), canopy height, and topo-
graphic metrics for field plots and for 30 m × 30 m raster
pixels using all and first returns. Point-cloud metrics were
computed using returns above 2 m and cover metrics were
based on the ratios of returns above a 2 m height threshold.
Canopy height metrics for 30 m × 30 m pixels were com-
puted from a 1 m × 1 m canopy height model. Additional
sets of point-cloud metrics, used for the broadleaf/conifer
classification, were computed using all and first returns
above 2 m and first returns within 2 m of the canopy surface
(called upper canopy returns hereafter) for 2 m × 2 m pixels.
Example of lidar-derived metrics include height statistics
such as mean, standard deviation, height percentiles (p05,
p10, …, p90, p95, p99), various moments, height band ra-
tios (e.g., 1–2 m), and the proportion of returns above 2 m
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Table 1. Plot-level attributes computed from field measurements with units, abbreviations, and summary statistics.

Attribute Unit Abbrev. Mean Std. dev. Min. Max.

Basal area m2/ha (ft2/acre) ba 23.9 (104.4) 10.8 (47.0) 0.1 (0.5) 61.6 (268.4)

Total stem volume m3/ha (ft3/acre) vol 216.9 (3101.0) 118.6 (1695.4) 0.3 (3.7) 800.5 (11446.7)

Bole (wood + bark)
aboveground dry biomass

tonnes/ha (short
tons/acre)

bbm 112.3 (50.1) 60.6 (27.0) 0.2 (0.1) 410.6 (183.3)

Density trees/ha (trees/acre) den 625.5 (253.2) 431.1 (174.5) 6.2 (2.5) 3558.2 (1440.0)

Quadratic mean diameter cm (inches) qmd 24.1 (9.5) 6.6 (2.6) 7.9 (3.1) 48.1 (18.9)

Lorey’s height m (ft) lor 20.4 (67.0) 4.9 (16.2) 4.0 (13.0) 31.9 (104.5)

Arithmetic mean height of
tallest 40 trees per acre

m (ft) t40 23.4 (76.9) 5.6 (18.3) 4.0 (13.0) 39.5 (129.8)

Arithmetic mean plot height m (ft) mht 15.7 (51.4) 3.8 (12.3) 4.0 (13.0) 29.0 (95.2)

Median (50th percentile) plot
height

m (ft) med 15.6 (51.0) 5.0 (16.3) 2.0 (6.5) 29.6 (97.0)

Canopy base height m (ft) cbh 9.9 (32.5) 3.4 (11.1) 0.6 (2.0) 19.9 (65.3)

Live crown length m (ft) lcl 6.4 (21.0) 1.2 (4.0) 3.3 (10.8) 11.5 (37.8)

Table 2. Lidar acquisition parameters.

Parameter Value

Nominal pulse spacing (m) 0.7

Nominal single swath pulse density (pls/m2) 4.4

Nominal flight height (AGL metres) 1500

Nominal flight speed (kts) 130

Nominal flight speed (kts) 40 (± 20)

Scan frequency (Hz) 47.3

Pulse rate of scanner (kHz) 339.2

Line spacing (m) 902

Beam divergence (Mrad) 0.22

Nominal swath width (m) 1500

Nominal swath overlap (%) 50

Scan pattern Triangle

(cover2). Refer to the FUSION software documentation for a
more complete description of metrics.

2.4. Construction of a foliage presence index
To facilitate modeling forest attributes for broadleaf and

conifer species separately, lidar was used to create an index
of foliar presence. This index is used alongside other lidar-
derived attributes for the prediction of forest inventory at-
tributes by species groups. Since the lidar was collected in the
spring before deciduous trees had leaves, both structure and
intensity attributes differed for most conifer and broadleaf
species. In general, conifer species had foliage and broadleaf
species did not. However, the separation between conifer
and broadleaf species was partially confounded by the fact
that the study site has both deciduous conifers (e.g., bald cy-
press, Taxodium distichum L.) and evergreen broadleaf species
(e.g., laurel oak, Quercus laurifolia Michx. and holly, Ilex spp.).
In addition, dead trees without foliage regardless of species
have structure and intensity attributes similar to those of live
broadleaf trees without foliage.

Species groups (conifer versus broadleaf) were modeled us-
ing RF (Breiman 2001), an ensemble classifier that uses boot-

strap decision trees to generate a more robust classifier than
a single decision tree model. Data for RF consisted of a sub-
set of field plots representing “pure” conditions (100% basal
area/ha of either conifer (25 plots) or broadleaf tree species
(39 plots)). RF was used to classify pixels in a 2 m × 2 m raster
covering the entire study site as either broadleaf or conifer.

Variables used in the final RF model for broadleaf ver-
sus conifer pixels were L-moment coefficient of variation of
height (ht_lcv), ratio of the number of returns above 2 m to
the total number of first returns (ht_ratio), 10th percentile
of intensity values for upper canopy first returns (int_p10),
and the median of intensity values for upper canopy first re-
turns (int_med). The first two predictors (ht_lcv and ht_ratio)
described the variability of “structure” and the penetration
of laser pulses into the canopy. In the case of trees with-
out foliage, we expected higher variability and more penetra-
tion through crowns to the ground resulting in lower values
for ht_ratio. The latter two variables (int_p10 and int_med)
provided information on the relative reflectance of mate-
rial related to individual first returns near the upper canopy
surface. In general, branches reflect less energy than green
foliage (Kim et al. 2009). We expected somewhat lower re-
flectance values for cells containing trees with no foliage
compared to cells containing trees with foliage.

The 2 m × 2 m raster was summarized to produce the pro-
portion of broadleaf pixels within each pixel in a 30 m × 30 m
raster. Figure 2 shows an example of the classification results
(2 m × 2 m cells) next to a leaf-off orthophoto for the same
location.

2.5. Forest modeling approaches
For this study we evaluated OLS regression, kNN, and RF

modeling methods to predict forest attributes from remote
sensing attributes at plot and stand (stand-level pixel aggre-
gate) scales. The exploration of modeling approaches here is
not intended or suited to identify the “best” modeling strat-
egy, but to provide insights into types of models (or algo-
rithms), scale-related issues, and various types of attribute
predictions. The “best” modeling strategy may vary with lo-
cation, data, and objectives.
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Fig. 2. Comparison of leaf-off orthophoto (15 cm resolution) and broadleaf and conifer species classification (2 m resolution).

Table 3. Lidar-derived predictor groups.

Group Variables

4 × p20, p95, profile.area, HW proportion

10 × 4 ×, p40, p70, canopy relief ratio, coefficient of variation, skewness, cover 2 m

20 × 10 ×, kurtosis, 1–2 m prop., 2–4 m prop., 4–8 m prop., 8–16 m prop., 16–32 m prop., 42–48 m prop.,
64 m + prop., L1 mom., L2 mom.

Note: Abbreviations: mom., moment; prop., proportion.

Models were fit with the R Statistical Language (R Core
Team 2020). In the case of OLS, we compared three ap-
proaches to variable selection including (1) the same four li-
dar auxiliary variables selected by an “expert” for all forest at-
tributes, (2) the same 20 lidar auxiliary variables for all forest
attributes, which includes a wide range of height statistics,
and (3) automated variable selection (AVS) for each forest at-
tribute (the leaps and bounds algorithm by Furnival and Wil-
son 1974). For kNN, we looked at different numbers of neigh-
bors (k = 1 and 5), 4 versus 20 lidar auxiliary variables, and
different distance metrics available in the yaImpute package
(Crookston and Finley 2008). The number of configurations
reported for RF was more limited. We only demonstrated
changes to the ntree RF parameter (500 versus 5000) and
to the number of predictors (4 versus 20; Table 3) because
changes to parameters had minimal impact on the results.

2.6. Post-stratification
In this study, the landscape was post-stratified with combi-

nations of both one and two lidar-derived auxiliary variables
(e.g., one bin could be p90 > 30 m and cover2 > 90% as in

Fig. 3). Lidar-derived auxiliary variables were discretized into
100 target bins (strata) with five or six plots in each stratum.
Lidar strata were then mapped to all pixels in the project area
and intersected with field plot locations. Field plots falling
within strata were used to estimate strata means —— where
“estimate” is the correct term in this instance because re-
peated random samples would generate strata mean distri-
butions with means approximately equal to the true strata
means. Pixel values in strata were then “predicted” as cor-
responding strata means——where “predict” is the appropri-
ate term here because there is not an expectation that strata
means are unbiased for the “true” forest attributes at pixel
locations. To further illustrate this concept, we present a hy-
pothetical forest in Fig. 3 where all of the green pixels fall
within the same lidar stratum (because they fall within the
same lidar metric bins) and are all assigned the same pre-
diction: the mean of forest attributes computed for the plots
falling within this stratum (represented by black dots in the
figure).

The process of using post-strata to predict plot, pixel, and
stand attributes is equivalent to modeling and prediction of
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Fig. 3. Hypothetical forest composed of pixels (cells) with measured sample plot locations (black dots) for a hypothetical
stratum (green defined as cover >90% and height >30 m), and other strata colored in gray. The red polygon represents a
hypothetical stand covering an area composed of more than one stratum.

forest attributes based on a categorical auxiliary variable,
where in this case the categorical variable is derived from dis-
cretized lidar metrics. Stand attributes were “predicted” us-
ing the means of plot predictions falling within stand bound-
aries (multiple lidar strata may fall within any stand, such
as the red polygon in the hypothetical stand in Fig. 3) ——
again “predict” is appropriate here because there are no ex-
pectations about the distribution of possible estimates rela-
tive to the true field measurement derived stand-level forest
attribute.

Post-stratification has a limitation related to the number
of predictors that can be used for PS and the curse of di-
mensionality (Bellman 1966). The curse of dimensionality de-
scribes the idea that as the number of dimensions increases,
the data become sparse. For example, for PS using a data set
with 500 observations, two auxiliary variables with 10 bins
each would yield up to 100 strata (∼5 observations per stra-
tum) and three auxiliary variables with 10 bins each would
yield 1000 strata (<1 observation per stratum). In the context
of this study, this means that the number of auxiliary vari-
ables (and hence explanatory information) used in PS is lim-
ited relative to the other approaches to prediction that are
explored——the other approaches can use many more predic-
tors. An approach we explore to overcome this limitation is
to post-stratify on forest attributes predicted from lidar such
as volume, biomass, and trees per hectare (e.g., Breidt and
Opsomer 2008; Magnussen et al. 2015). In this case, OLS re-
gression is first used to relate forest attributes to lidar. Pre-
dicted forest attributes were then used to create 100 bins
with five to six plots each, and otherwise is identical to the
PS process previously described. A preliminary investigation
(not shown) explored numerous combinations of both lidar

metrics and modeled forest attributes (univariate and bivari-
ate), but we only report a few representative cases here.

An alternative not explored in this study is to create post-
strata separately for each response variable. This would en-
able optimization of variable selection for each response,
yielding improved performances but sacrificing the utility of
having a single set of strata used for prediction of many at-
tributes, including tree lists. Simultaneous predictions of a
response vector is an advantage that PS shares with kNN over
the other methods we explore. This is of considerable prac-
tical advantage, and a primary motivation to use PS. Since
the simplicity of PS is lost when preparing separate strata for
each response, we did not explore a multiple PS approach
here.

2.7. Prediction performance
A common trend in lidar forest inventory studies is to re-

port pixel- or plot-level performances. There is uncertainty,
then, in how applicable the study results (e.g., plot-level RMSE
or r2) are to stand-level inferences, where stands are the dom-
inant unit of area for operational forest inventory. Based on
the properties of aggregation, we know that stand-level RMSE
values are on average smaller than plot-level RMSE values,
although the magnitude of the improvement from aggrega-
tion varies as a function of various factors including aggre-
gation extent and spatial correlation —— details which are
not discussed here. This study instead focuses on empirical
properties of plot- and stand-level prediction performances
(RMSEs).

In this study, we report performances for PS, OLS, kNN,
and RF at both plot and stand levels using RMSE or a scaled
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equivalent, where the plot-level RMSE is

RMSEpl =
√∑

ei
2

n
(1)

where n is the number of sample plots, ei = yi − ŷi is
the predicted residual for observation i, yi is the ob-
served value (e.g., volume) for plot i, and ŷi is the value of
yi predicted with a model.

We are also interested in the true (but unknown) stand-
level error variation (σ st or σ 2

st) computed from all the tes-
sellations for each stand (e.g., a census of plots in a stand).

σst =
√

σ 2
st

σ 2
st =

∑
e j

2

m

(2)

where e j = ȳ j −̂̄y j is the true residual for stand j, m is the num-
ber of stands, ȳ j is the true mean for stand j, and ̂̄y j is the
mean of predictions ŷi j for all plots in stand j.

However, we can only estimate the value of σ st from our
sample since we do not actually have all 50 possible 0.04
ha plots that could hypothetically be tessellated from a 2 ha
stand with respect to area. A naïve (biased) estimator simply
substitutes the sample-based estimate of stand-level error ê j

for the true (unknown) ej:

RMSEst,9 = √
MSEst,9

MSEst,9 =
∑

ê2
j

m
ê j = ȳ9, j −̂̄y9, j

(3)

where ê j is the predicted residual for stand j from nine plots,
ȳ9, j is the response mean for stand j, and ̂̄y9, j is the mean pre-
diction for stand j.

Unfortunately, E [MSEst,9] �= σ 2
st because the stand-level pre-

diction residual from nine plots, ê j, has an additional source
of variation

(̂
e j − e j

)
or ê j = e j + (̂

e j − e j
)
, so

V
(̂
e j

) ≈ V
(
e j

) + V
(̂
e j − e j

) �= V
(
e j

)
(4)

The additional error term results in stand-level MSE es-
timates that are too large when computed for a sample of
plots from each stand instead of the whole stand (nine plots
in our case). We can estimate the contribution of this extra
term

(̂
e j − e j

)
to MSEst,9 using the squared standard error(

SE2
j

)
:

E
[
SE2

j

]
= V

(̂
e j − e j

)
SE2

j =
(

1 − nj

Nj

) n j∑
i=1

ê2
i, j

n j
(
nj − 1

)
(5)

where nj is the number of plots in stand j (9), and
Nj is the number of possible plots in a stand (50), which

motivates the stand-level variance and standard deviation es-
timators MSEst and RMSEst, respectively.

MSEst = MSEst,9 −
m∑

j=1

SE2
j

m

RMSEst =
√

MSEst

(6)

To facilitate comparisons, RMSE values are reported in per
cent of the mean:

RMSE% = RMSEy

mean (y)
×100%(7)

where RMSEy is the RMSE associated with y, and
y here is some forest attribute.

3. Results
The following results describe performances of various pre-

diction approaches at both plot and stand scales with respect
to RMSE(%). The plot and stand inferences are compared to
demonstrate the relative performances achieved at the two
scales, but inferences about various prediction approaches
are concentrated on the stand-level results. For example, the
ranking of different prediction methods at plot and stand
scales may differ slightly, although they tend to be similar. We
focus on interpreting performances at the stand level, which
is probably the most common scale of inference in opera-
tional forest inventories. Although not discussed in detail, the
relative plot-level RMSE values are also valuable: plot-level
results are the most useful in understanding prediction per-
formances at the substand or pixel level, e.g., mapped predic-
tions. Remote sensing provides an opportunity to make infer-
ences at much finer scales than has historically been feasible
from plot data alone (commonly stands), but there is typically
a sacrifice in terms of prediction performance when working
with finer spatial scales. The plot-level results demonstrate
to what degree the RMSE increases when inferences are at a
finer than stand scale.

3.1. Post-stratification performance
Stand-level performance (RMSE%) in Fig. 4 for PS was typ-

ically at least 20 percentage points better (lower RMSE% val-
ues) than at the plot level. At the stand level, PS with two
auxiliary variables performed better than one auxiliary vari-
able, with no clear winner between p95 and cover2, and pre-
dicted vol and ba. However, PS on p95 and cover2 generally
performed as well or better than predicted vol and ba but
was simpler and did not require modeling response attributes
prior to PS. Post-stratification on modeled attributes did not
warrant the additional effort of first fitting models.

While our choice of variables used in PS may seem arbi-
trary, we attempted to improve on these results with post-
strata based on tens of combinations and weightings of both
direct lidar metrics and modelled forest attributes (results
not shown). Improvements were feasible for individual vari-
ables or groups of variables. However, our arbitrary initial se-
lections of p95 and cover2 performed as well as any other
choice of variables for balanced performance across a wide
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Fig. 4. Plot- and stand-level post-stratification performances (RMSE% relative to the mean) for lidar-derived p95 and cover2 and
predicted vol, ba, and den strata.

variety of forest attributes, and was simpler to implement
than a modeled PS approach.

3.2. Ordinary least squares regression
performance

The best performances for OLS (Fig. 5) were similar,
but slightly improved (≈ 2 + percentage points) over PS
performances. As with PS, stand-level performances were
better than plot-level performances, on the order of 5 per-
centage points for the best cases. Our primary observation
for OLS was with respect to problems observed with AVS
strategies.

Our results suggest that for the independent validation
data set, AVS was an unreliable variable selection method
compared to fixed variable selection (fix). In some cases, AVS
outperformed other methods, e.g., AVS with two variables
(AVS2) for canopy base height (cbh), but AVS methods were
generally unreliable, resulting in performances as much as
12 percentage points poorer than other methods in some
cases. There was not a conclusive result with respect to more
or fewer numbers of AVS predictors performing better. Each
number of AVS predictors resulted in a dramatically higher
prediction RMSE% for one or more variables, although AVS8
and AVS2 each only had one such instance (den and ba,

respectively) while AVS4 fared poorly in five instances (t40,
cbh, bbm, vol, and qmd).

Fixed (fix) sets of predictors were stable relative to AVS
methods, with no instances of fixed sets of predictors per-
forming 5 percentage points poorer than the best performing
approach. A fixed set of 24 predictors (fix24) performed con-
sistently better than other methods in nearly all cases, but
we hesitate to recommend this approach in practice. In our
case, there were 549 field sample plots for model training,
and we did not evaluate outliers or collinearity among pre-
dictors. A fixed set of four variables (fix4) performed better
than 10 variables, nearly as well as 24 variables, is suitable
for use with a much smaller set of training observations, and
can be selected to avoid collinearity issues.

These findings should serve as a cautionary note regarding
validation and variable selection in the absence of indepen-
dent validation data when using OLS. Inferences about model
fit based only on training data may be incorrect or mislead-
ing compared to inferences based on independent validation
data. For variable selection, our findings using an indepen-
dent validation data set showed AVS to be unreliable and to
generally not perform as well as a fixed set of predictors. As
would be expected, when we evaluated results for a fixed set
of predictors and AVS using only the training data set (not
validated on independent data, results not shown), we found
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Fig. 5. Plot and stand OLS performances (RMSE% relative to the mean) for models fit using fixed (“fix”) sets of predictors
where the number of predictors was 4, 10, and 24, and automated variable selection (AVS) with different numbers of selected
predictors (8, 4, 2) from a total of 24.

that AVS outperformed the fixed set of predictors in all cases
and did not exhibit the instability seen for AVS in Fig. 5.

3.3. k nearest neighbor performance
Plot- and stand-level kNN results (Fig. 6) were slightly better

than OLS, and stand-level kNN results were better than plot-
level kNN results. There was inconsistency, however, between
plot- and stand-scale model inferences. At the plot-level, kNN
based on RF classification with five neighbors consistently
performed the best, but at the stand-level multiple distance
metrics and both k = 1 and k = 5 nearest neighbors fared bet-
ter, depending upon the forest attribute. Our primary finding
for kNN is that kNN results were highly variable depending
upon distance metric and number of neighbors; kNN RMSE
values varied by up to nearly 20 percentage points at the plot
level, and nearly 10 percentage points at the stand level. The
best kNN configuration also varied by response, for example,
“mah1” fared the best for ba prediction and “rf1” fared the
best for lor prediction. While highly variable, at the stand
level, kNN models demonstrated the best (lowest) absolute
RMSE values among all the methods explored.

The findings presented for kNN may be poorly suited to
guide users in model implementation. This is due to (1) the
small number of validation stands (50 stands), (2) using a

single auxiliary variable set with kNN, (3) the large number
of comparisons made for kNN, and (4) the variability in “best”
model performances. These findings are better suited to pro-
vide a general indication of the performance feasible with
kNN, and perhaps suggest configurations to explore. Better
results with kNN may also be feasible by evaluating various
distance metrics and number of neighbors while tuning the
training variable set (fixed versus AVS and different number
of predictors). Variable selection was not an issue addressed
in the analysis of kNN provided here due to the large number
of combinations of factors already considered with kNN.

3.4. Random forest performance
The RF performances shown in Fig. 7 resemble those pro-

vided for OLS and kNN in that stand performances were bet-
ter than plot performances, although RF fared slightly poorer
than the best kNN models at the stand level. However, RF was
the only approach that was highly robust to changes in the
model parameters at both plot and stand levels. As with kNN,
the results did not suggest an overall superior modeling con-
figuration. For example, there are instances of both 4 and 24
predictors faring best. Variation due to the number of predic-
tors was at most approximately 3.5 percentage points. There
was no detectible difference between RF ntree parameters of
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Fig. 6. Plot- and stand-level kNN performances (RMSE% relative to the mean) for k = 1 and 5, and various distance metrics. “gnn”
or “gradient nearest neighbor” uses canonical correspondence analysis for distance and “msn” or “most similar neighbors” is
based on canonical correlation analysis. “euc” and “mah” use Euclidean and Mahalanobis distances, respectively. “rf’ distance
is based on the number of shared nodes in a random forest model.

500 and 5000. This would suggest that the less time-intensive
500 ntree setting should be used. It may also be worth ex-
ploring even smaller values of ntree (faster still), as RF was
the slowest approach to implement (RF is computer resource-
intensive).

While we did not delve very deeply into modifying the RF
parameters or variable selection (aside from three fixed num-
bers of predictors), our preliminary results for RF suggest
that RF is incredibly robust with respect to model specifica-
tion. The results for different values of the parameters “mtry”
(not shown) and “ntree” had no discernible impact on infer-
ences. Given the large number of parameters which can be
adjusted in any of the modeling approaches, the fact that RF
produced similar results in every case is a noteworthy char-
acteristic. This is especially the case given that many lidar
forest-inventory analysts will not have access to independent
validation data. It appears that analysts can be confident in
achieving decent results with RF for the structural forest at-
tributes used here, even without the ability to validate model
configurations against independent observations.

3.5. Species group predictions
In this section, we describe performances for forest at-

tributes by species groups (Fig. 8). The results here are pro-
vided for configurations which performed best at the stand

level in the previous sections. Aside from trees per hectare
(den), predictive performances were better for all species
combined than when broadleaf or conifer species attributes
were predicted separately (Fig. 8). In the case of trees per
hectare, conifer predictions were approximately the same
(best case) as all species combined. The effects of species
groups (all, conifer, broadleaf) on performances varied by
scale (plot versus stand), forest attribute, and model type.
Conifer performance demonstrated a similar pattern of per-
formance to all species but the best cases had from 7 to 20
percentage points higher RMSE% values than all species at
the plot level, and from 0 to 11 percentage points higher at
the stand level (best cases). The best broadleaf cases, in con-
trast, ranged from 24 to 89 percentage points higher than
all species RMSE% at the plot level, and 10 to 35 percentage
points higher at the stand level (best cases). Broadleaf species
regenerate naturally within our study area and generally ex-
hibit more structural complexity than the conifer species
that are typically planted and managed (especially pine) on
the study site.

The best performances at both plot and stand scales were
observed for kNN and RF, which had comparable perfor-
mances. PS performed the worst of the four methods in most
cases. In some cases, RF and kNN produced only modest im-
provements compared to OLS (e.g., plot-level BROADLEAF
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Fig. 7. Plot- and stand-level RF performances (RMSE % relative to the mean) for different fixed numbers of predictors (“fix”)
and different values of ntree (“n”) parameters.

lor). However, in other cases, the differences were more dra-
matic. For broadleaf volume, RMSE% for OLS was more than
40% larger than for RF and kNN. In addition, the average re-
ductions in performances associated with predicting species
groups broadleaf and conifer were smallest for kNN and RF.

3.6. Diameter and species group predictions
Figure 9 shows prediction performances (RMSE%) for vol-

ume by diameter class and species group. As in the previous
section (Species group predictions), the results here are for
model configurations that performed best within each model
type. As in previous results, kNN and RF generally performed
better than the other methods. Unlike the results in previ-
ous sections, PS performed as well or better than some other
methods at plot and stand scales in some instances (instead
of always performing the worst), although it never performed
the best. In addition, unlike in previous results, the model
types that performed best at the plot level did not always per-
form best at the stand level. The results also resemble previ-
ous sections in that conifer results are similar to all-species
results, with broadleaf results faring poorest.

Unfortunately, the results in Fig. 9 suggest that for indi-
vidual 5 cm (≈ 1 in.) diameter classes, the methods used
here to predict volume by diameter class are highly unreli-
able regardless of how species were grouped. All-species com-
bined predictions fared the best, but even for all-species the

smallest RMSE% observed was at the stand level for 40 cm
and was 37%, which would yield a 95% confidence interval of
approximately (26%, 174%). In most other instances, RMSE%
values exceed 50% (95% CIs would include zero), which means
that volume by diameter predictions are not differentiable
from 0.0 at the 0.05 α level. While this is concerning for in-
ferences for individual diameter classes, in practice that is
rarely how diameter data are used. Instead, they are typically
used to look at the distribution of tree sizes across multiple
diameter classes rather than from individual bins. These data
may still be usable for broader inference, such as which range
of diameters bins have greater proportions of volume relative
to others. One of the reasons for the larger confidence inter-
vals on 5 cm diameter bin predictions is that most plots did
not have trees in every diameter bin, i.e., observations are
0.0 (zero inflated) for many or most bins. The methods used
herein tend to perform poorly in this scenario.

4. Discussion
This study provides independent stand-level confirma-

tion that lidar-derived predictors can be used to success-
fully model a wide range of forest attributes including
forest attributes by species groups, but that the methods
employed here proved less successful in prediction of vol-
umes by diameter classes. Our findings are in agreement with
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Fig. 8. Plot- and stand-level performances (RMSE% relative to the mean) for gross forest attributes for broadleaf and conifer
(all), conifer (con), and broadleaf (brd). Note that due to differences in magnitude, the y-axis for brd differs from con and all.

numerous other studies which demonstrate that lidar has
good predictive performance for volume (Maclean and Krabill
1986; Næsset 1997b; Means et al. 2000; Cosenza et al. 2021),
biomass (Nelson et al. 1988; Lefsky et al. 1999; Andersen and
Breidenbach 2007), heights (Clark et al. 2004; Andersen et al.
2006; Breidenbach et al. 2008), trees per unit area (Strunk
et al. 2012), and conifer versus broadleaf (Liang et al. 2007;
Hamraz et al. 2019). Some studies which used other methods
to evaluate diameters found optimistic results (Breidenbach
et al. 2008; Räty et al. 2019; Strunk et al. 2017). The re-
sults presented here are distinct from other studies in that
they demonstrate performances for a wide range of forest

attributes and modeling approaches using independent vali-
dation at both plot and stand scales for a southeastern USA
site composed of both pine plantations and mixed broadleaf
species.

4.1. Resolution effects
In line with the theoretical properties of aggregation, our

findings demonstrate that stand-level ABA prediction perfor-
mances generally exceed those for individual plots or pixels.
From an operational perspective, this finding is useful be-
cause stand-level inferences (or other spatial groupings) are
a common spatial scale of inference for operational forest
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Fig. 9. Plot- and stand-level performances (RMSE% relative to the mean) for volume by diameter class for broadleaf and conifer
(mix), conifer (con), and broadleaf (brd) trees with diameters smaller than 62.5 cm. Diameter labels on x-axis represent mid-
points of 5 cm diameter classes.

inventory systems. Our findings suggest that performances
found at the pixel level can be used as conservative ap-
proximations for performances at the stand level (pixel-level
performances underestimated stand-level performances). It
is clearly not a perfect approximation, but it is gener-
ally considered better to underestimate performance than
to overestimate performance. Our findings that stand-level

performances are better than plot-level performances agree
with those observed in a similar study using both lidar and
photogrammetric point clouds (Puliti et al. 2017). Another
related study compared multiple scales of data aggregation
(Packalen et al. 2019, see p. 197) and found similarly that per-
formance increased when the size of the area of inference
was increased.
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Another important finding of this study was that plot-level
inferences about relative performances among model types
were broadly transferable to stand-level performances. At the
plot level, RF and kNN generally performed the best, with
OLS falling slightly behind, and PS last. The fact that PS per-
formed generally poorer than kNN, RF, and OLS is unfortu-
nate from an operational perspective, because PS enables si-
multaneous compatible and design-unbiased estimation. The
findings here with respect to plot-level volume predictions
with PS and OLS differ slightly from a related study (Strunk
et al. 2019) where they found that PS performance slightly
exceeded OLS performance for volume. In contrast, we ob-
served that OLS exceeded PS in all cases, although for vol-
ume the best PS and OLS results were very similar (35% versus
32%, respectively). Another related study looked at PS meth-
ods with auxiliary lidar for simultaneous volume and for-
est area estimation (McRoberts et al. 2012) and achieved up
to 3.2-fold relative efficiency for volume, which would be a
similar but slightly lower efficiency than would be observed
here (approximately 10% different). The difference is likely
due to their use of smaller plots (250 m2) than those used
in this study (≥ 405 m2), where it has been shown that plot-
level performance statistics improve with increased plot ar-
eas (Packalen et al. 2019).

4.2. Modeling
OLS is a common modeling tool across a wide range of dis-

ciplines, and AVS on the training data are a common variable
selection approach. Our results suggest, however, that a fixed
set of four variables performs better than AVS when evalu-
ated on independent stand data. OLS performed better than
PS on average but poorer than kNN and RF for both gross at-
tributes and for volume by diameter class. It is worth noting,
however, that OLS models may be fit with reasonable perfor-
mance for as few as, e.g., 50 observations (Strunk et al. 2012;
Cosenza et al. 2022), which is fewer than is typically consid-
ered good practice for the three other methods considered
here. An exploration of other linear modeling approaches
such as “elastics net” and related model types which shrink
linear model coefficients towards zero for weak predictors,
is another approach to handling many predictor variables
which deserves further exploration (e.g., Pearse et al. 2018;
Cosenza et al. 2022).

The best kNN configurations fared well at both plot and
stand resolutions, either performing the best or equivalent
to the best in nearly every instance. However, there was great
variation among kNN results depending upon the distance
metric and number of neighbors. In our experience here,
and in related studies modeling forest attributes from lidar,
plot-level performance varies dramatically by choice of pre-
dictors (Packalén et al. 2012), number of neighbors (Strunk
et al. 2017), and distance metrics (Strunk et al. 2014; Shin
et al. 2016). This is problematic from the perspective that
the “best” configuration is uncertain, may vary by site and
data set, and practitioners may not be prepared to compare
and interpret results for various modeling approaches at plot
and stand scales. An advantage of kNN, however, is that it is
multivariate (fit a single model for all variables) and can be

used simply to impute an entire tree list, along with predic-
tions of the forest attributes used to fit the kNN model. Given
that many applications of forest inventory and monitoring
involve growth projections, and growth models generally re-
quire individual-tree data, there is a real practical advantage
to kNN imputed tree lists.

From the perspectives of supporting robust model fits and
reliable predictions, RF was the clear winner among model-
ing approaches. RF did not always perform the absolute best,
and in the case of stand-level diameter predictions fell in the
middle of the pack, but RF provided consistent competitive
results regardless of how the models were fit, including dif-
ferent numbers of predictors and RF fitting parameters. This
is consistent with the related study by Cosenza et al. (2022)
which showed that results for RF volume models with auxil-
iary lidar were insensitive to the number of predictors and
number of training observations when using 200 or more
observations. RF is a bagging (or “bootstrap aggregating”)
approach using Classification And Regression Trees (CART;
Breiman 2001)——RF essentially uses the weighted average of
bootstrap CART models for prediction. Breiman (1996) sug-
gests that bagging aids with predictions in cases where the
prediction function is inherently unstable, perhaps explain-
ing why RF performed consistently well for our study; the
high level of variation in results among other methods (PS,
OLS, and kNN) suggests that those approaches were unstable.
Breiman (1996) also demonstrates bagging methods for kNN
and OLS which may have improved their reliability, but was
not tested here.

4.3. Lidar inventory value
A motivation for using lidar to support forest inventory is

that it can be used to create a wall-to-wall forest inventory
update with high stand-level precision for many attributes
(e.g., RMSE < 30%), for a relatively modest cost relative to a
traditional inventory system. The material cost for this inves-
tigation (excluding validation data) was approximately US$
190 000 including US$ 60 000 for lidar data and US$ 130 000
for the field measurements, or US$ 2.4/ha (US$ 0.94/acre). The
resulting inventory provides actionable stand-level informa-
tion for volume and other gross attributes.

Stand-level volume estimates in operational forest inven-
tories are often derived from 10 to 30 plots per stand,
which would be equivalent to 80 000–240 000 plots for the
8000 + stands at Savannah River. At US$ 40 per variable-
radius field plot, field plots for a complete stand sample in-
ventory would cost between US$ 3.2 and 9.6 million, or at
least US$ 40/ha (US$ 16/acre). While the stand-level estimates
from cruise data would typically be more accurate than lidar
estimates for the same stands, a stand sampling inventory
would cost at least 17 times more than the lidar inventory.
Further work is also needed to understand the potential of li-
dar to contribute to predictions and estimates of components
(species, diameter, products) using methods such as ITD. Di-
rect comparisons with operational cruise data are problem-
atic in our experience, however, as cruise specifications may
cause wide divergence from lidar estimates, simply due to dif-
ferent measurement and sampling protocols (e.g., leave trees,
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cull, diameter thresholds, stand borders, measurement inten-
sity, sampling intensity, and other differences).

Another approach to inventory which is relevant to this
study is stratified random sampling in which, for example,
approximately 30 plots are placed in each of an estimated
100 different strata based on the size and species compo-
sition inferred from aerial photography (or approximately
3000 plots). This approach also requires collection of and de-
lineation of imagery for the site (approximately US$ 80 000)
which brings the total to US$ 200 000, or very similar to the
cost of a lidar-based inventory. The strata estimates can be
assigned to stands, but they would not have stand-specific
measures of forest structure (height, cover, and predicted
volume); every stand in a stratum would have identical at-
tributes. As with stand inventories, we are uncertain as to
the relative performances of lidar- and stratum-based ap-
proaches.

4.4. Study limitations
A limitation of our assessment of PS is that we restricted

the number of auxiliary variables for PS relative to other
methods. For example, with OLS we considered from 4 to 24
auxiliary variables and both manual and AVS including an
intensity derived metric which is indicative of broadleaf pro-
portion. An approach to PS which facilitates more variables
could potentially improve PS performance, especially since
we did not consider broadleaf proportion as a covariate for
PS. While more sophisticated approaches involving more di-
verse variables with PS are technically feasible, they are com-
plicated by the fact that PS is more readily confounded by the
“curse of dimensionality” (Berchtold et al. 1998; Indyk and
Motwani 1998) than the other methods used. This is because
the data are binned in PS, and there must be enough observa-
tions in each bin (stratum) to provide a reliable bin estimate.
For example, if we require five observations per bin to pro-
duce a reliable bin estimate, and we bin two covariates into
10 bins each, this requires a minimum of 500 training obser-
vations. If we add a third covariate with 10 bins, this requires
5000 training observations.

Our use of PS with modeled forest attributes derived from
more than two auxiliary variables did not demonstrate bet-
ter performance than simple PS on height and cover. The
modeled attributes were effective at explaining variation in
the corresponding measured forest attribute (e.g., vol) but
had less explanatory power than for other attributes (e.g.,
dens). More creative approaches to variable coordination
such as principal components, canonical correlation analysis,
or canonical correspondence analysis may help to incorpo-
rate additional explanatory information. Preparing separate
post-strata for each response would yield better performance
than was demonstrated here, but was not considered opera-
tionally viable, as one of the primary motivations to use PS is
the simultaneous estimation of all attributes. Preparing sep-
arate post-strata would eliminate this advantage.

5. Conclusions
In this study, we demonstrate that stand-level RMSEs are

generally smaller than plot- (or pixel-) level RMSEs from a

lidar-augmented forest inventory——inventory consumers are
often unsure whether stand-level performances are better or
worse than the reported plot- and pixel-level performance
statistics. Lidar was also demonstrated to have the capacity to
predict some of the variation in forest attributes for broadleaf
and conifer species groups. The area-based methods that we
employed fared poorly in the prediction of individual diam-
eter bins but could still be useful for larger-diameter bins
(e.g., we speculated that perhaps 5 cm bins would be accept-
able). Modeling performances were compared between PS,
OLS, kNN. and RF, with RF arguably demonstrating the best
overall performance, as it had nearly the best RMSE and was
insensitive to the modeling configuration. Problematically,
other modeling approaches were sensitive to changes in mod-
eling configurations, which could be difficult to overcome
without stand-level validation. While kNN was more sensi-
tive than RF to parameterization, it performed similarly to RF
in the best case, and is more convenient operationally than
the other methods because it can be used to impute many
variables simultaneously, including tree lists. Our study is a
unique contribution to the understanding of forest inventory
with lidar, providing insight into the scale of interest (plot
or pixel versus stand), how lidar works across a suite of for-
est attributes including attributes for diameter classes, and
contrasts the modeling performances of four modeling ap-
proaches. Our findings can help others to evaluate and im-
plement lidar augmented inventory approaches.
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