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Abstract: The monitoring and assessment of forest conditions has traditionally relied on
continuous forest inventory (CFI) plots, where all plot trees are regularly measured at
discrete locations, then plots are grouped as representative samples of forested areas via
stand-based inventory expectations. Remote sensing data acquisitions, such as airborne
laser scanning (ALS), are becoming more widely applied to operational forestry to derive
similar stand-based inventories. Although ALS systems are widely applied to assess forest
metrics associated with crowns and canopies, limited studies have compared ALS-de-
rived digital inventories to CFI datasets. In this study, we conducted an analysis of over
1000 CFI plot locations on ~611,000 acres and compared it to a single-tree derived inven-
tory. Inventory metrics from CFI data were forward modeled from 2016 to 2019 using the
USDA Forest Service Forest Vegetation Simulator (FVS) to produce estimates of trees per
acre (TPA), basal area (BA) per tree or per plot, basal area per acre (BAA), and volume per
acre (VPA) and compared to the ALS-derived Digital Inventory® (DI) of 2019. The CFI
data provided greater on-plot tree counts, BA, and volume compared to the DI when lim-
ited to trees >5 inches DBH. On-plot differences were less significant for taller trees and
increasingly diverged for shorter trees (<20 feet tall) known to be less detectable by ALS.
The CFI volume was found to be 44% higher than the ALS-derived DI suggesting mean
volume per acre as derived from plot sampling methods may not provide accurate results
when expanded across the landscape given variable forest conditions not captured during
sampling. These results provide support that when used together, CFI and DI datasets
represent a powerful set of tools within the forest management toolkit.
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1. Introduction

Airborne laser scanning (ALS) has been widely applied to assess forest inventory
metrics, from the scale of individual trees to regional forests [1-3]. Since the widespread
adoption of ALS and other laser altimetry approaches in forestry at the start of the 21st
century [4], the technology has always been considered to have the potential to provide
near-population (or census-level) measurements of forest structure [5]. However, large-
scale ALS inventory assessments remain limited in part due to costs and processing
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requirements, among other considerations [6]. At the individual-tree scale, derived
measures of tree heights have been widely observed to have higher accuracies compared
to field-based methods [7,8]. Other, individual-tree metrics important for assessing timber
growth and yield, including diameter-at-breast height (DBH), once elusive from ALS
[9,10] have recently exhibited promising results [11]. However, most contemporary for-
estry inventories continue to be conducted using field-based plots that represent only a
sample of the trees (e.g., <10%) within the inventory area. These field-based inventories
are generally conducted by using either (i) a stand-based inventory, where a quasi-ran-
dom distribution of plots that capture the variability across the stands of interest are col-
lected every few years, or (ii) a continuous forest inventory (CFI), where trees on monu-
mented plot locations are revisited periodically, providing longitudinal data as forest con-
ditions at each plot location change over time. Although it is more time consuming, the
CFI approach enables forest management to conduct monitoring of forested areas. CFI
remains a widely applied approach utilized in Native American land stewardship [12]. In
contrast, CFI is less used on industry lands, given the high cost of maintenance. Further
due to the comparatively high field data collection costs, there are typically fewer sample
plots which result in less precise stand-level estimates, which in turn can impact opera-
tional and financial decisions.

Understanding the appropriate scale for the use of CFI data, or any sampling method,
is an important consideration often based on the amount of error land managers calculate
[13] and are willing to accept [14]. Three sources of error exist within every forest sampling
method which include: sample error, which is generated by collecting a representative
sample from a population; measurement error, which occurs due to precision limitations
of measurement instruments and human error using measurement instruments incor-
rectly; and imputation, or modeling, error which is the mathematical prediction of signif-
icant metrics not directly measured [13]. Throughout forest inventory literature, these er-
rors have been noted and estimated for many decades [13,15] and CFI represented one of
the first methodologies evaluated. Within CFI applications, common (and often accepta-
ble) sampling error rates at a 95% confidence level can be as low as +20%, with higher
(often unacceptable) error rates of +80% observed for some sampling designs or in highly
diverse forest structures, with respect to average volume per acre (VPA) [14,16]. Examples
and explanations for error calculations in a summarized and easily understood manner
relative to forest inventory sampling are outlined in the literature [13].

ALS, which applies Light Detection and Ranging (LiDAR) to measure structural com-
plexity provides a three-dimensional dataset of scanned objects resulting in position,
height, diameter, and surface complexity measurements [17]. LIDAR is regularly applied
within the forest industry to gather measurement information at landscape- to individual-
tree levels to decrease the error in forest inventories and to increase the accuracy of mod-
eling and management decisions [18-20]. The vertical and horizontal measurement error
within modern LiDAR acquisitions has been found to be <0.15 m (6 inches) and <0.30 m
(12 inches), respectively [21]. The processing of LiDAR data for forest inventory geo-
graphic information system (GIS) layers and single-tree inventories has therefore resulted
in sampling datasets that include measurements on >80% of the merchantable trees at acre,
stand, and landscape scales [22]. It is estimated by the United States Geological Survey
that LIDAR-based single tree inventory methods have been applied to more than 5 million
acres of forestlands and woodlands managed by Native American peoples within the
United States (US). As a result, many of these forested landscapes have both a CFI, often
with multiple remeasurements, and a single-tree LIDAR-based digital acquisition. How-
ever, comparisons between such datasets remain limited due to a lack of concurrent ac-
quisitions and lack of validation datasets.
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Prior studies have used CFI with LIDAR data to model aboveground biomass (AGB).
For instance, ref. [23] compared CFI data from temperate hardwood forests with LiDAR-
based models of AGB coupled with ancillary site productivity data. They observed that
without the inclusion of site productivity data, the resultant predictions exhibited only a
modest 12 (~0.67) and a large AGB root mean square error (RMSE) of 45.5 Mg ha™! repre-
senting 31-40% [23]. Similarly, ref. [24] observed that analogous RMSE values of 54.63 Mg
ha1(r? = 0.45) could only be achieved by coupling LiDAR data with ancillary spectral da-
tasets. In [25], AGB levels in hardwood and mixed softwood forests were assessed by
comparing a CFI field dataset with a concurrent LiDAR acquisition (7-10 points per
square meter) and they observed similar r? (0.58) values and larger RMSE values (~96 Mg
ha™). In a tree height study, ref. [26] compared data from 4845 CFI plots collected between
2008 and 2017 with heights derived from two LiDAR acquisitions that occurred between
2011-2013 and 2017-2020. As is consistent with most studies comparing LiDAR- and field-
derived heights, ref. [26] observed good correspondence between maximum heights
(r>~0.85), but poorer correspondence with mean heights (r2~0.6), likely due to the mis-
match between CFI and LiDAR acquisition dates. They observed that for the 2018 LiDAR
acquisition and associated 1132 CFI plots, which were associated with LiIDAR pulse den-
sities of four per square meter, that the average LiDAR height error was 2.1 m (0 =7.7 m)
with 5% of these plots exhibiting height errors exceeding 20 [26]. Although [26] attributed
these errors to LiDAR acquisition parameters, they could also in part could be due to the
growth of trees between the associated CFI field data collection and the LiDAR acquisition
dates, highlighting the need to include growth projection modeling in such studies.

In this study, we compare a CFI dataset that was collected over a 2-year period and
then forward modeled to correspond with a later LIDAR acquisition of the same region.
The Confederated Tribes and Bands of the Yakama Nation (YN) in south-central Wash-
ington State provided our team access to a CFI (2015 and 2016) and a LiDAR-derived in-
ventory (2019) on ~611,000 acres of their forested landscape for this study. The specific
questions this study seeks to address are:

1. How effectively does the Digital Inventory® (DI) capture the regional inventory in-
formation, such as heights, trees per acre (TPA), basal area per acre (BAA), and gross
volume per acre (VPA), when compared to forward-modeled CFI data?

2. What sizes of trees are the DI- and CFI-derived inventories effective at describing?

3. What are the sources of uncertainty in the base CFL, forward-modeled CFI and DI?

2. Materials and Methods
2.1. Study Area

This study was conducted on the forested lands of the YN, located in Washington
State, US. The study area consists of 611,000 acres within a mixed conifer forest (Figure 1).
The study area included the operational and non-operational forested acres within the
reservation exhibiting multiple recent and past fire scars, harvest activities, and hetero-
genous structural conditions typical of a western United States (US) working forest. The
landscape was dominated by a mix of conifer species including Douglas-fir (Pseudotsuga
menziesii), ponderosa pine (Pinus ponderosa), lodgepole pine (Pinus contorta), western white
pine (Pinus monticola), western redcedar (Thuja plicata), western larch (Larix occidentalis),
grand fir (Abies grandis Engelmann spruce (Picea engelmannii), and whitebark pine (Pinus
albicaulis). The local climate is characterized by cool and wet winters and warm and dry
summers on the southern and eastern portions of the forested landscape at <3000 feet ele-
vation, but cold snowy winters with mild and temperate summers in the northern and
western areas around Mount Adams often >4000 feet elevation. As is standard in US
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forestry, data are reported in English units, with metric conversions provided in paren-
theses for clarity.
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Figure 1. Project area on the Yakama Nation reservation encompassing 611,000 acres of forested
lands. The ALS-based Digital Inventory® (DI) was established in 2019 on a subset of CFI plots re-
measured in 2015 and 2016. The insert in the upper right corner shows the CFI-plot schema adopted
by the Yakama Nation in 2015. Minor plot 2 is another 1/100th acre plot superimposed on the center

to count saplings.

2.2. Forest Inventory Data

The CFI data acquisition process was defined by the Bureau of Indian Affairs (BIA)
within the YN Forest Management Plan [12,27] specifications and occurred between 15
August 2015 and 29 November 2016. All CFI data for this study was directly provided by
the YN for the specific purpose of this comparison and remains their sovereign data.
Within the CFI, the landscape is divided into 1 mile by 1 mile (1609 m x 1609 m) grid
squares, each of which contained 8 subplots. Each subplot is offset from the grid square
by 40 m at 45-degrees azimuth and then 120 m more at 0-degrees azimuth. Subplots 1, 4,
5, 6,7, and 8 are each offset from the corresponding grid square by 2 chains (40 m) at an
angle of 45°. Subplot 2 is 6 chains (120 m) due north of the location of subplot 1, and sub-
plot 3 is similarly 6 chains (120 m) due north of subplot 2. Although the BIA CFI design
uses the terms plots and subplots, in this study we refer to each subplot as a “plot” given
each is measured independently and is treated within the analysis as a single data point.
Although the YN managed lands represent a larger area, the unfiltered CFI dataset pro-
vided for this assessment consisted of 1286 plots that the YN remeasured on a 10-year
interval [12]. The CFI design presented in [12] originally called for measuring seedlings,
saplings, and poles on some minor plots and not on others. In 2015, the YN amended the
CFI collection, such that the following measurements were acquired across a series of mi-
nor plots (Figure 1):
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- DBH and all other tree data except for trees with a height of >5 inches DBH.
- Data for all saplings between 1- and 4.9-inches DBH in 2-inch sizes classes.
- Data for all seedlings between 1- and 4.5-feet tall and less than 1-inch DBH.
- Height recorded for all trees greater than 5 inches DBH.

As the CFI experimental design illustrates, both DBH and total height were recorded
on only minor plot 4 and only for trees with DBH greater than 5 inches, otherwise only
DBH was recorded. Tree records for the CFI plots were expanded to a per-acre basis for
input into the US Department of Agriculture and Forest Vegetation Simulator (FVS) sys-
tem, given the sawtimber-size trees were sampled at a 1/5th acre (0.8 ha), sapling trees at
1/80th acre (50.5 m?), and seedlings at a 1/100th acre (40 m?).

2.3. Aerial LiDAR Scanning Data

ALS data were acquired in July 2019 using an Optech Galaxy Prime LiDAR sensor
(Vaughan, ON, Canada) mounted in a fixed-wing aircraft. Elevation of the aircraft varied
between 5000 and 9000 feet above ground level and flight lines alternated orientations
while maintaining a 50% flight-line overlap following standard ALS forestry recommen-
dations [28]. The average scan density was 16 ppm? with an average of 3 returns over the
forested areas. The ALS data were preprocessed and classified as bare earth, vegetation,
water, buildings, and noise returns by the vendor. The Optech Galaxy Prime scanner op-
erates with a single oscillating mirror resulting in a zigzag or “sawtooth” laser path at the
ground surface, which differs in data accuracy from the “matrix” pattern scanners that are
more commonly applied in the western United States. Laser-pattern coverage is controlled
at the ground surface for matrix scanners resulting in a more equidistant “grid” which
has been shown to result in greater data consistency and improved results when pro-
cessing [29-31]. Individual tree detection (ITD) within the ALS dataset was achieved using
ForestView® (Moscow, Idaho) [3,11,29,32,33], which provides a single-tree DI across a
landscape and exhibits comparable or improved tree-detection accuracy compared to
other common approaches [29]. The approach relies on classified ALS point cloud data
and derivative datasets including high-resolution (0.3 m spatial resolution) digital eleva-
tion model and resultant similar spatial resolution canopy height models (CHM). Treetops
are identified as localized peaks within the CHM and are identified using a combination
of both CHM- and point-cloud-based individual tree detection methods in a similar man-
ner to valley-following watershed segmentation and local max filtering that have been
applied by numerous ALS individual tree detection studies [9,34-37]. A series of standard
forest structural metrics such as height percentiles, stratified point densities, and crown
shape derived from the point cloud for each detected tree are used to refine initial tree
detections and derive other tree attribute information [11]. Individual tree DBH is mod-
eled using these point cloud metrics, along with tree density, tree spacing, and additional
allometric relationships derived from field-collected verification data [11]. Volume was
derived in ForestView using DBH allometric relations, following the methods described
in detail in [33]. In total the unfiltered DI produced 243,717 individual tree records subse-
quently allocated to 2.49-acre polygons across the study area.

2.4. DI Field Validation Methodology

Although we acknowledge there is no feasible approach to retroactively evaluate the
accuracy of the CFI data, given it was collected over multiple years and several years prior
to the ALS acquisition and associated DI fieldwork, we were able to assess the relative
accuracy of the DI method to an independent cruise dataset. However, we also
acknowledge that the cruise data cannot be considered as ground truth data as it exhibits
its own measurement errors that are often not reported, and as such this is only a relative
comparison. As in [11,33], true ground truth data would include felled trees, where the
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maximum tree height can be accurately measured, without branches or other trees occlud-
ing the estimate. As we describe below, developing a DI using ForestView has been pre-
viously shown to exhibit lower bias and RMSEs of maximum tree height when compared
to field cruise data, in which felled trees represented truth, on two very different forest
types. Therefore, the ForestView DI is arguably an improved representation of the actual
tree heights than the coincident cruise data. Consequently, we include this comparison as
it may provide us insight into potential sources of uncertainty in the CFI data collection,
given field methods to derive maximum tree height are broadly similar across studies.

To achieve the assessment, field validation data were collected in summer 2019, con-
currently with the ALS dataset, to calculate statistical measures of accuracy and confi-
dence associated with tree and stand metrics and DI. These field validation data were
obtained by visiting 1029 randomly located field validation plots distributed throughout
the 611,000 acres where sub-meter GPS points were monumented with a JAVAD Tri-
umph-2 (JAVAD EMS, Silicon Valley, CA, USA), and measures of height and DBH were
collected for each tree. Each location represented a standard ~65.6 foot (20 m) fixed radius
“plot” where measurements of tree location, height, and crown were collected using a
Vertex Laser Geo 360 hypsometer (HAGLOF, Langsele, Sweden). A diameter tape was
used to measure DBH to the nearest 0.1 inch, and a Spiegel relaskop (SILVANUS, Kirch-
dorf, Austria) was used to gather a stem height, where 80% of DBH was used to approxi-
mate tree taper to inform volume calculations, given taper classes are usually based on
the relative height where the upper diameter is 80% of the DBH. Following [33], we as-
sessed the accuracy of the DI relative to the cruise data using regression-based equivalence
tests [38]. Given the tree counts on the plot-level data differed, we assessed equivalence
of maximum heights and total basal area per plot. Following [33,38], we report the mini-
mum region of equivalence that rejects the null hypothesis of dissimilarity for both the
slope and intercept. As in [33], the analysis was conducted in R [39] using the “equiva-
lence” R Package version 0.8.1 [40].

2.5. Undisturbed and Geographically Aligned Plot Locations

Prior to the comparison of the CFI and ALS derived data, it was necessary to identify
plots that had not experienced disturbances (fire, die off, harvesting, etc.) and that did not
exhibit geolocation errors associated with data entry or GPS inaccuracies. We describe
these two conditions as “undisturbed” and “aligned”. We define “undisturbed” as not
exhibiting evidence of fire, harvest activity, or excess mortality between 2015 and the Dig-
ital Inventory® data acquisition in 2019. “Aligned” was defined through multiple visual
comparisons of the DI canopy height model images, satellite imagery, and National Agri-
culture Imagery Program (NAIP) imagery which provides 0.6 m spatial resolution im-
agery in the near-infrared, red, green, and blue spectra. The various datasets were spa-
tially overlaid with each of the GPS locations provided in the CFI dataset, to determine if
the reported CFI measurements were reasonable with the imagery. Initially, 66 CFI plots
were either located outside the ALS acquisition area or had no LiDAR coverage. Another
18 had either no coordinates or were assigned incorrect coordinates that duplicated those
of another plot. Within the study area, only a single wildfire was recorded over the anal-
ysis period. Namely, the August/September 2015 Cougar Creek Fire that burned roughly
41,500 acres within the study area. Consequently, 100 plots were excluded as they either
fell within the fire perimeter or were close enough to the perimeter to have sustained
damage. Finally, 24 plots were excluded because comparison of 2015- and 2019-vintage
NAIP imagery indicated that partial harvest occurred sometime between 2015 and 2019.
This process left an intermediate set of 1078 potential plots. However, clear outliers were
observed in VPA and therefore 11 CFI plots that exceeded the 99th percentile of VPA were
excluded in the analysis. This left 1067 plots for comparative analysis.
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2.6. Forward Growth Modeling

To compare the CFI to the ALS-derived D], the individual digital-tree records prob-
abilistically occurring within the boundary of each CFI plot were determined by drawing
a one-fifth acre (52.7-foot radius) circle around each CFI plot center and using the ESRI
ArcGIS Pro version 10.1 spatial join tool to select DI tree records within each plot bound-
ary. CFI and DI data were matched by GPS coordinates of the tree list data within each
stand and CFI data were then input to FVS to forward model the CFI data to the date of
the DI and compute various stocking estimates such as BAA and VPA. The East Cascades
variant was used in this analysis to best approximate local forest conditions during mod-
eling, where necessary parameters for FVS were derived from the CFI database. The East
Cascade variant of FVS uses, by default, 7 inches as minimum DBH for sawtimber volume;
hence any 5- and 6-inch DBH trees have no sawtimber volumes assigned.

To verify that CFI data were correctly input to FVS, the initial plot-level BAA com-
puted by FVS in trees 25 inches (0.127 m) DBH was compared with the values presented
in the CFI database. For all sample plots, the FVS-reported BAA was within +0.05 sq ft ac™!
(0.011 sq m ha™) of that reported in the CFI database, with 55% of the plots being statisti-
cally similar (92% within +0.01 sq ft ac™ (0.002 sq m ha™)). This confirmed the FVS model
computations were consistent with the CFI processing methodology. CFI data on the 1067
plots were then grown in FVS to 1 January 2020, given the DI was acquired after most of
the 2019 growing season (and hence tree-growth) had already occurred. Again, following
[33], we assessed the statistical equivalent of the DI to the forward-modeled CFI data us-
ing regression-based equivalence tests [38]. As with the DI validation we assessed equiv-
alence of maximum heights and total basal area per stand. Following [33,38], we report
the minimum region of equivalence that rejects the null hypothesis of dissimilarity for
both the slope and intercept. As in [33], the analysis was conducted in R [39] using the
“equivalence” R Package [40].

2.7. Reassessing Alignment Following Forward Modeling Using Aerial Photography

Following the processing of the forward modeling, we observed that several plots
still exhibited considerable differences in maximum heights and BAA between the CFI
and DI that could not be explained by DI missing small, co-dominant, or suppressed trees.
To address the observed BAA differences, we flagged any plots with BAA differences of
greater than 50 sq ft ac™! for analysis. Under this criterion we evaluated 2015 and 2019
NAIP imagery and identified 2 plots near the delineated Cougar Creek fire burn perimeter
that exhibited excessive mortality and 24 plots where partial harvest activity occurred be-
tween CFI and LiDAR data collection. While this analysis addressed the BAA differences,
it provided few insights to explain the occasions of notable differences in total tree heights.
As shown in Figure 2, it was readily apparent when viewing NAIP aerial imagery that
several DI and CFI plot center locations remained misaligned, i.e., the GPS locations rec-
orded for those plots were not accurately determined relative to the actual CFI plot center.
As the examples in Figure 2 illustrate, there are clear shadows from large trees outside of
each plot that have likely been incorrectly included by the CFI measurements.

To address this issue, the second filtering methodology consisted of two steps:

(1) Assessing the difference in height of the tallest tree on each CFI plot (measured or
imputed) versus the tallest tree as estimated on each corresponding DI plot.
(2) Assessing the number of trees per acre of the tallest trees on a plot.
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TPA BAA AHT MBF TPA BAA AHT MBF
CFl 495 80.1 639 15.8 CFl 64.6 109.7 65.9 20.2
DI 10 2.3 295 0 DI 40.0 40.7 536 5.7

TPA BAA AHT MBF TPA BAA AHT MBF
CFl 595 1196 727 243 CFl 95 1114 1419 315
DI 35 651 636 131 DI 25 465 652 114

Figure 2. Example misalignment of CFI and DI plots as identified through analysis of NAIP aerial
photography collected in 2015. (A-D) Each of these plots exhibited no known disturbance changes
between the CFI and DI dates. (A) Example low tree number plot, (B) Example high tree number
plot. (C) Example shaded plot. (D) Example plots with nearby large trees. The yellow circles repre-
sent DI identified trees in 2019. The blue circle represents the extent of the CFI plot. In each case, the
insert below each figure shows the descriptive statistics for TPA, BAA, average tree height (AHT),
and sawtimber merchantable volume (MBF) per acre, for the CFI and DI identified trees. The length
of the shadows illustrates relative tree height.

In this analysis, we assessed the 2015 and 2019 NAIP imagery for each geolocated
LiDAR-derived plot center location, which had been determined with a high degree of
accuracy to identify CFI plots with clear positional errors that could not be readily cor-
rected by dithering the plot center location by a few meters. To achieve this, we took the
CFI plot GPS coordinates as given and assumed no significant vegetative changes had
occurred. In theory, the tallest trees should be roughly the same in both the DI plots and
forward-modeled CFI plots. However, given tree heights were only collected for a small
sample of the CFI trees, the tallest tree on the CFI plot may not have height measurements.
We therefore assumed a CFI to DI maximum tree height difference would still identify
plot locations of interest for filtering. We also assumed that the tallest trees within both
datasets are defined as trees greater than or equal to the ratio of 90% of the tallest tree on



Remote Sens. 2025, 17, 1761

9 of 25

each plot, i.e,, if the tallest tree on a plot is 100 feet (30.48 m), the 0.9 height ratio class
(HTRC) would consist of all trees at least 90 feet (27 m) tall. Therefore, if the CFI and DI
are considering the same ground location, the TPA represented by the tallest trees (i.e., 0.9
HTRC) in a plot should not vary considerably. The use of HTRC allows the analysis of
strata defined by tree heights alone rather than using percentiles of tree heights, which
would include the effects of both tree heights and TPA. To limit the potential of either the
CFI or DI to skew results due to use of arbitrary height breaks, we limited the cross-com-
parison to plots where (i) the tallest DI tree height was within +11.8 ft (3.6 m) of the tallest
forward modeled CFI tree height and (ii) the difference in TPA between the CFI and DI
datasets represented by the 0.9 HTRC was within 39.9 trees ac™ (98.5 trees ha™). We then
further compared the forward-modeled CFI with the DI, which revealed additional dis-
parities between the tree distributions at the plot level, indicating that these plots were
likely unaligned. This resulted in filtering an additional 466 plots out of 1067, leaving 601
plots for in-depth analysis.

2.8. Direct CFI and DI Comparison

We examined the relationship between CFI and DI measurements using the 1067 and
601 available plots by comparing tree heights, TPA, BA (per tree and per plot), BAA, and
gross VPA. To achieve this, we used FVS to grow the CFI data to the same date as the data
acquired by LiDAR in 2019. The absolute differences between matched CFI and DI plot
locations were computed as the DI result minus the CFI result. This statistic describes
whether the differences observed are significantly different from zero and thus meaning-
ful regarding one dataset providing a view that varies relative to the other for specific
attributes.

2.9. CFI Sample-Based vs. Population-Based Forest-Wide Comparison

The preceding sections described methodologies employed for plot-to-plot compari-
sons between the CFI and DI inventories. A further analysis was conducted involving a
comparison of the CFI and DI on the total ~611,000 acres of operable forestlands within
the YN. For this forest-wide analysis, no adjustments were made for harvesting or forest
growth; although we acknowledge that this introduces some potential differences, we as-
sumed harvest and growth were well-balanced across the entire forest during the period
2015 to 2019. Further, this approach avoids any variance that might occur due to growth-
model effects at a landscape scale. While such considerations are critical when performing
a plot-by-plot comparison, adjusting for them is less critical in a forest-wide comparison.
Additionally, the Cougar Creek fire occurred before CFI in-field remeasurement so, both
the CFI and the DI were considered an accurate reflection of conditions within and near
the wildfire perimeter at the time of their respective measurements. For these reasons, the
Cougar Creek CFI points were included in this forest-wide analysis. Excluding CFI plots
that fell outside the DI collection footprint resulted in 1210 plots. These 1210 plots were
treated as a simple random sample and processed through the FVS model to compute
inventory values. The DI coverage overlapped the CFI dataset on 586,414 acres meaning
our expansion factor for each of the 1210 CFI plots was assumed to be 484.6396 acres per
plot to accurately represent the total forested area.

3. Results
3.1. Comparison of Forward-Modeled CFI to DI (Plot-to-Plot Analysis)

The DI and CFI estimates of trees per acre (TPA), basal area per acre (BAA, sq ft ac?),
and volume per acre (VPA, thousand board feet per acre, MBF ac™') were graphed for the
initial (1067 plots) and secondary (601 plots) filtered data (Figure 3A-F). The initial
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filtering approach produced 1078 plots. However, clear outliers were observed in VPA
and, therefore, the 11 CFI plots that exceeded the 99th percentile of VPA were excluded
in the analysis. This left 1067 plots that are shown in Figure 4A—C and 601 plots shown in
Figure 4D-F.
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Figure 3. Comparison of plot-level metrics between CFI and DI, by fraction of the plot correspond-
ing to the ratio of tree heights relative to the maximum tree height on the plot. As an example, in
these graphs a Height Ratio Class of 0.3 represents all data from 30% to 100% of the maximum height
in the plot. The points at 0 Height Ratio Class represent all trees >5 inches DBH, given this was the
threshold set by the CFI. (A-D) data derived from the first filtering stage (plots = 1067). (E-H) data
derived from the second filtering stage (plots = 601).

The comparison of TPA for CFI and DI across the 1067 plots (Figure 4A) shows that
relative to DI, higher tree counts were observed on the CFI plots (gradient: 0.38). When
comparing BAA (Figure 4B) relative to DI, the BAA on the CFI plots was slightly higher
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(gradient: 0.63) and the estimates of VPA (Figure 4C) showed reasonable correspondence
between the DI and CFI (gradient: 0.73). For the analysis of the 601 plots following the
second set of filtering, the comparisons (Figure 4D) show that relative to DI, there remains
a tendency toward higher TPA (gradient: 0.34), higher BAA (gradient: 0.60), and margin-
ally higher VPA (gradient: 0.68) on CFI plots. When considering the 1067 plots, the median
TPA in the CFI plots was 665 and the median TPA in the DI plots was 105. For BAA, 23
CFI plots exceeded 300 sq ft ac™!, whereas the maximum reported DI BAA across all 1067
plots was 291 sq ft ac™’. In the 1067 plots, there were 9 plots in which the DI indicated >60
MBEF ac versus 10 plots in the CFI data with 260 MBF ac™ (=57.27 m3 ha™).

Whether considering the 1067 or 601 plots, BAA becomes not significantly different
(a=0.05) at the 0.8 HTRC, whereas average tree height is not significantly different only
when including all trees >5-inches DBH. As shown in Figure 3, as the HTRC exceeds 70%
of total tree height, the DI and CFI estimates of TPA, BAA, and VPA generally converge,
with Figure 3A representing the only exception. Overall, this suggests the DI and CFI data
are generating similar results for the largest and arguably most valuable portion of the
forested resource. Overall, the CFI VPA was 18% higher than the DI average for all trees
>5-inches DBH. The average tree height between the CFI and DI datasets was not statisti-
cally different for all trees >5-inch DBH, which is consistent with prior LIDAR height stud-
ies [8,41]. TPA was statistically different when comparing the CFI and DI datasets for all
trees >25-inch DBH. BAA between the DI and CFI datasets were not significantly different
in the 0.9 and 0.8 HTRCs. When considering the comparison of the 1067 to the 601 plots
with respect to BAA and VPA, the variance visually declines with the lower sample size
with notable increases in the 12, supporting the rationale to reduce the plots to 601 plots.
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Figure 4. Comparison of Digital Inventory (DI) and Continuous Forest Inventory (CFI) plot esti-
mates. (A—C) used the 1067 plots following the first filtering step described in Section 2.5. (D-F)
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used the 601 plots following the second filtering step described in Section 2.7. (A) trees per acre
(TPA) for trees 25 inches diameter at breast height (DBH), r? = 0.49; (B) basal area per acre (BAA,
square feet per acre) for trees >5 inches DBH, 12 = 0.63; (C) volume in thousand board feet (MBF) per
acre for trees 25 inches DBH among the 1067 plots in the analysis, r2=0.59; (D) trees per acre (TPA)
for trees 25 inches diameter at breast height (DBH), r2 = 0.47, (E) basal area per acre (BAA, square
feet per acre) for trees >5 inches DBH, 12 = 0.65, and (F) volume in thousand board feet (MBF) per
acre for trees 25 inches DBH, r2 = 0.65. The black large-hashed line denotes the line of best fit. The

black solid line represents the 1:1 line.

3.2. DI Field Validation Results

The distributions for tree height and basal area per tree in the field validation cruise
and the DI are shown in Figure 5a and Figure 5b, respectively. In each case the distribu-
tions were similar, except that as expected the DI identified fewer trees than the field
cruise. The regression-based equivalence tests for cruised maximum heights and total ba-
sal area on the plots versus the DI maximum heights are shown in Figure 6a and Figure
6b, respectively. The intercept values for the cruised versus DI maximum height and total
basal area were equivalent at a region of equivalence of +3% and +31% or greater, respec-
tively. The slope values for the cruised versus DI maximum height and total basal area
were equivalent at a region of equivalence of +9% and +12% or greater, respectively. The
linear relationship between the cruised and DI maximum height had a strong r2 of 0.9 (p
<0.001), while the linear relationship between the cruised and DI total basal area still had
a reasonably strong r2 of 0.78 (p < 0.001).
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Figure 5. (a) Individual tree height distribution comparison for cruised tree height versus DI heights.
(b) Basal area per tree distribution for cruised trees verses DI derived basal area in validation plots.

The green bars represent the field validation data and the blue bars represent the digital inventory.
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Figure 6. Regression-based equivalence tests for (a) maximum cruised height in the matched field
validation versus DI and (b) total basal area per plot in the matched field validation and DI plots.
Data for 1029 matched plots are shown. The minimum region of equivilence (R.0.E) that would still
lead to rejection of the null hypothesis of dissimilarity is reported for both the intercept and slope.
The gray polygon represents the minimum region of equivilence for the intercept, while the gray
dashed lines represent the minimum region of equvilence for the slope. The solid black line

represents the line of best fit. The dashed line represents the 1:1 line.

3.3. CFI Versus DI Landscape Estimate

Within the forest-wide comparison, the CFI contained data from 1210 plots consisting
of data from ~30,000 trees whereas the DI contained 243,714 2.49-acre polygons containing
~40.4 million LiDAR point cloud samples representing relative elevations of trees. Figure
7A displays VPA and acres of the two inventories, by stand density class. When separated
in this way stand density is defined on a BAA basis. While the total forest inventory is an
important benchmark, total forest inventories as a single aggregate value are rarely used
by forest managers. When comparing the results of the two measurements by BA class,
the DI reflects a forest with more acres in the lower stand density classes and generally
higher VPA than the CFI for each corresponding stand density class. Figure 7B breaks
down the two inventories by both VPA and acres by tree class. The size class for this as-
sessment was defined by the quadratic mean diameter (QMD) output from FVS. When
comparing the results of the two inventories in this way, the DI displays a forest with
more acres in larger size classes than the CFI for the same size class. In addition, the DI
volumes per acre show a much smoother progression of VPA by size class than is seen for
comparable size classes of the CFI. We postulate that this outcome is partly attributable to
the result seen in the plot-by-plot comparison where the DI tends to underreport small
trees resulting in a larger average tree size. Figure 7C illustrates a comparison of the in-
ventories on cumulative forest-wide volume and acres basis by VPA classes. When com-
paring the results of the two measurements cumulatively by VPA class, there is reasona-
bly close correspondence between the DI and CFI until the 19.5 MBF ac™ (18.6 m? ha™)
and greater classes. The DI generally has greater acreage by volume class until 19.5 MBF
and then the situation is reversed, with CFI having greater acreages for classes greater
than 19.5 MBF.
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Figure 7. Forest-wide (unfiltered) comparison of DI and CFI. (A) Comparison of DI and CFI VPA
and acres, by basal area class. (B) Comparison of DI and CFI VPA and acres, by QMD class. (C)
Comparison of DI and CFI-based cumulative forest-wide volume and acres, by volume-per-acre
class. Note that the bin sizes at the lower and upper end of the x-axis in (C) have been made smaller

to better highlight observed differences in the DI and CI analysis.

The regression-based equivalence tests for CFI maximum heights and total basal area
on the plots versus the DI maximum heights are shown in Figure 8a and Figure 8b, re-
spectively. The intercept values for the CFI versus DI maximum height and total basal
area were equivalent at a region of equivalence of +16% and +33% or greater, respectively.
The slope values for the CFI versus DI maximum height and total basal area were equiv-
alent at a region of equivalence of +19% and +42% or greater, respectively.

Figure 9 compares the average CFI and DI VPA by volume-per-acre class, along with
lower and upper bounds of the CFI's 95% confidence interval. As can be seen, there is a
close correspondence between the two measurements by volume class until the largest
class when the DI estimate falls outside (specifically, below) the CFI's 95% CI. Figure 10
illustrates the results when considering a single VPA stratum (14.5-19.499 MBF/acre). De-
spite the CFI and DI volumes/ac and acres being well aligned, when the per-acre estimates
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are expanded to a class total and the corresponding confidence intervals applied, the CFI
confidence interval no longer includes the DI total (Figure 10). This demonstrates how
small acreage-class differences can exert significant impacts on forest inventory estimates.
It also highlights an often-underappreciated aspect of a DI: whereas a traditional inven-
tory estimates volume per acre of strata, a DI can provide a unique volume estimate for
every acre of the forest. As noted, the 1210 CFI plots in this study each represent only 0.2
acres (i.e., size of the fixed-radius CFI plot) or the conditions on ~242 acres (~0.04%) out of
the total 586,414 forested acres included in the DI. Therefore, the DI provides geolocated
information on the conditions within the other 99.96% of the acres.
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Figure 8. Regression-based equivilence tests for (a) maximum plot height for DI versus CFI and (b)
total basal area per plot in the CFI and DI plots. Data for 1067 matched plots from the initial filtering
are shown. The minimum region of equivilence (R.0.E) that would still lead to rejection of the null
hypothesis of dissimilarity is reported for both the intercept and slope. The gray polygon represents
the minimum region of equivilence for the intercept, while the gray dashed lines represent the

minimum region of equivilence for the slope. The solid black line represents the line of best fit.
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Figure 9. Comparison of DI and CFI average volume per acre for the second-filtered 601 plots, along
with lower and upper bounds of the CFI 95% confidence interval, by volume-per-acre class.
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Figure 10. Comparison (DI versus CFI) of the 14.5-19.499 MBF/ac stratum in the 601 secondary fil-
tered plots. Despite the volumes/ac and acres being well aligned, when the per-acre estimates are
expanded to a class total and the corresponding confidence intervals applied, the CFI confidence

interval no longer includes the DI total. (A) VPA, (B) acres in stratum, and (C) stratum volume.

4. Discussion
4.1. Location Uncertainties

The ability of the DI to generate location coordinates for each sampled tree made it
possible to readily identify the DI trees within each CFI plot radius; however, the accuracy
of this process relies on the accuracy of the CFI plot location data. If CFI plot locations are
inaccurate the DI tree records selected for that CFI plot will have a lower likelihood of
accurately representing the CFI plot. The CFI also has spatial errors associated with the
GPS, processing, and georeferencing, which further compounds uncertainty associated
with matching the DI to the CFI or field validation datasets. Ideally, future studies would
not rely on the provided GPS locations; instead, each CFI plot would be revisited, and
locations recorded using high-precision GPS equipment. However, such a re-assessment
would likely be time and cost prohibitive. GPS inaccuracies can occur for multiple reasons,
such as malfunctioning GPS receivers, data entry errors associated with coordinates being
improperly recorded, poor GPS reception at the plot location due to older technologies or
high canopy cover, time allocated for GPS signal stabilization, and/or mismatched GPS
coordinate systems [42,43].

Generally, the DI results for TPA and BA are significantly different from the CFI data
for the four metrics examined in the plot-to-plot analysis: average tree height (ATH), BAA,
TPA, and VPA (volume measured as Scribner board foot volume). The results for com-
parison of TPA, BAA, ATH, and VPA demonstrate that the CFI generally reflects higher,
sometimes substantially higher, plot TPA, BAA, and VPA than the DI when limited to our
comparison of trees 25 inches DBH. This limitation was applied because LiDAR scans are
known to miss understory and occluded (i.e., intermediate and suppressed) trees [44]; we
contend that the CFI measurements for <5-inch DBH would be the most reliable. Although
the DI undercounts these smaller trees, they represent only a small fraction of the mer-
chantable timber (Figure 3).

4.2. Tree Heights

Tree height measurements from the DI, for the tallest trees within the dataset, aver-
aged 1.1 feet (0.33 m) less than the modeled heights from the CFI data. These results are
consistent with other studies and can occur for a number or reasons, such as the LiDAR
data not ‘hitting’ the leader, occlusion by other treetops or branches, and instrument pa-
rameters such as signal reset time and scanning pattern, among others [41]. Research com-
paring the vertical accuracy of numerous LiDAR scanners suggests greater accuracy can
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be achieved when densities exceed 10 pulses per square meter [45-47]. Conversely, the
difference in heights could be the result of measurement errors propagated from the for-
ward modeling of tree heights, as research on forest growth projections has shown some
models can overpredict tree height [48] and volume [49] when data does not capture field
variability [50]. However, the short time interval of the forward modeling (i.e., <4 years)
likely minimized this source of error. Another source of potential error is due to CFI data
often not being available until multiple years following field collection [51], which could
potentially amplify data entry errors due to a lack of familiarity with the measured plots
as well as potentially not accurately representing the current landscape as well as the po-
tential influences of a changing climate or precipitation conditions [52].

4.3. Trees and Volume per Acre

The differences in TPA for regeneration-sized trees between the CFI and DI data are
an important aspect of this research and draws attention to the scanning pattern of the
LiDAR sensor used in this study. Contemporary sensors with matrix scanning patterns
[53] are considered the industry standard as of 2020 and offer greater spatial accuracies
with increased pulse densities [30,31]. This enables processing for vegetative objects view-
able from the air down to a height of <6 feet (1.82 m) in many ecosystems. In addition,
other improved techniques provide for better detection and imputation of smaller trees,
even those beneath the taller forest canopy. Despite the divergence between CFI and DI
for the shorter trees on a plot, Figure 3 shows that for most of the volume, the two meas-
urements are in reasonable correspondence. The difference between VPA for the two
methodologies on the forest-wide basis shows good correspondence up through the 19.5-
24.488 MBF ac™' volume class (Figure 7C). For this class, the VPA is not statistically differ-
ent between the CFI and DI; the acres are comparatively close, and yet when the confi-
dence intervals are computed on a total inventory basis for the class, the CFI and DI in
this class are significantly different (p < 0.05). Often, attention is focused on tree volume,
with relatively little attention focused on acres. As illustrated in this study, the DI is a
population estimate while the CFI is a sample-based estimate, meaning each plot of the
CFlis intended to represent a specific number of acres for a certain condition. In this study,
each plot represents 484.6397 acres, and the total 1210 plots are reporting conditions on
242 acres (0.04%) of the total 586,414 acres, whereas the DI is reporting conditions on all
586,414 acres.

We acknowledge that this misalignment could potentially be due to multiple factors
such as previously unidentified non-fire disturbances, such as windthrow, insect or dis-
ease-based mortality, density, and age-based mortality, unaccounted for ingrowth since
the CFI assessments, or the DI method missing some number of co-dominant or over-
topped trees. However, given the NAIP assessment, we believe the more plausible expla-
nation is that this uncertainty occurred due to malfunctioning GPS receivers and/or coor-
dinates being improperly recorded, poor GPS reception at the plot location, use of older
GPS units with poor resolution, time allocated for GPS signal stabilization, whether real-
time or post-processed GPS corrections were applied, and mismatched GPS coordinate
systems, among other sources of uncertainty. We also postulate that it is feasible the CFI
plot coordinates were initially collected to provide general plot locations that would assist
field crews in navigating the plots, and thus coordinates did not need to be highly precise.
Although some might argue that this second level of filtering could bias the results to-
wards the DI, the converse (i.e., retaining the 466 plots) would potentially bias the results
towards the CFI. The second filtering was conducted to ideally limit potential bias by fo-
cusing on plots where there was confidence that the GPS data were reliable and that the
CFI and DI were considering the same areas, thus mitigating a potential source of varia-
bility due to lack of precision with respect to common plot location.
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4.4. CFI Sources of Error

We observed an unexpectedly high degree of departure from the plot layout speci-
fied by the 2005 CFI field manual. In addition, there were disparities in the number of
plots measured in the CFI. Notably, in 199 plots, the tallest DI tree was shorter than the
tallest CFI tree, while in 93 plots, the scenario was reversed. An additional potential source
of uncertainty in CFI is that once selected to be permanent measurement plots, trees are
not treated in the same way as the rest of the forest. Consequently, the monumented ob-
servations are not representative of the population. This contrasts with the DI, which cap-
tures information across the entire variation in conditions across the forest. Figure 11
shows the comparison in distributions and statistics between CFI and DI for VPA for the
entire forest (i.e., unfiltered data). This figure best illustrates that DI is effectively a popu-
lation level estimate as the data are derived from the 243,714 2.49-acre polygons in which
all detected trees are assessed, whereas the CFI represents 1210 plots from which only a
small partition of tree heights are measured (Figure 1).

As Figure 11 shows, the general shape of each histogram is very similar, with data
achieving an asymptote in each case around the 65 MBF per acre bin. A comparison of the
medians yields comparable results, and each distribution is similarly positively skewed.
Given medians are less sensitive to extreme values than averages, even if several plots
have been treated differently, the median will still provide a measure for the central point
of the population and provide a more reasonable comparison. The occurrence of high-
volume outlier plots within the CFI data are illustrated by the distribution exhibiting a
high positive skew with the 90th percentile of the CFI VPA data being at 32.953 MBF ac,
while the maximum is 184.7 MBF ac™, as compared to the DI 90th percentile of 23.92 MBF
ac'and a maximum of 127 MBF ac™.

Furthermore, during the plot-to-plot analysis, 11 CFI plots were removed, given they
exceeded the 99th percentile of VPA, but these plots remained within the forest-wide anal-
ysis. Figure 12 illustrates the impact of including these plots. Figure 12a shows the actual
height versus predicted height measurements for the plot at the most extreme end of the
VPA distribution. As can be seen, the upper end of the heights was predicted to increase
in a near linear manner, while a more compressed sigmoidal curve or asymptote would
usually be expected. Figure 12b shows the impact of this by illustrating the difference be-
tween the trees where measurements of both DBH and height existed to create the vol-
umes versus the imputed volumes. As can be clearly seen, the imputed volumes consid-
erably inflate the inferred volume to extreme values.

This outcome suggests that, on a VPA basis, the results between DI and CFI are po-
tentially only different because of plots at the upper end of the VPA distribution which
provides support for exclusion of these plots from the plot-to-plot analysis. While such
high-volume conditions may exist in the forest, they exist in isolation, and probably not
to the degree that the standard plot-expansion factor may suggest. Although additional
research is necessary to explore this phenomenon [54-56], it however does suggest that
while the DI is delivering reliable VPA, perhaps the greatest value it provides is insight
into the distribution and extent of forest conditions across the entire forest as opposed to
traditional sample-based distributions of conditions associated with the CFL
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Figure 11. Comparison of unfiltered forest-wide volume per acre (VPA) distributions for the 243,714
digital inventory polygons and the 1210 continuous forest inventory stands (adjusted to a per acre
basis). Note that each distribution asymptotes off at ~65 MBF per acre. ** the [0, 5] bin in the DI has

a value of 88,588 and was cropped to aid viewing of the asymptote.
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Figure 12. Expanded view of the most extreme outlier removed from the plot-to-plot analysis but
retained in the forest-wide analysis. (a) Distribution of total height and DBH as measured and pre-
dicted within the plot by FVS and (b) comparison of estimated volumes (from measured tree heights

and DBH) versus imputed volumes within the plot.

4.5. DI Accuracy Assessment

We showed that the DI measures of maximum height were statistically equivalent to
the field validation cruise measurements at regions of equivalence of +3% or greater for
the intercept and +9% or greater for the slope. These strongly equivalent results concur
with past studies that have assessed the effectiveness of the ForestView approach to create
a tree height DI. Notably, in a comparison of the ForestView DI to both a cruise and inde-
pendent felled-tree validation in a loblolly pine stand in Eastern Texas, ref. [11] demon-
strated that the detection accuracy of ForestView was 97.1% and that the DI was an im-
provement over the traditional cruise heights when compared to the felled tree data. Spe-
cifically, the DI derived from Forestview exhibited a lower bias and RMSE for height than
the traditional cruise-based inventory [11]. A similar cross-comparison was conducted by
[33] on a mixed conifer forest in northern Idaho, where a ForestView DI was compared
with a traditional cruise and log-scaling data. In that study, although the heights derived
from the DI were statistically equivalent to the traditional cruise data, the DI exhibited
lower height RMSEs and bias [33]. Furthermore, ref. [33] documented that although the
DI'under-detected some trees in the current study, it nevertheless accounted for up to 99%
of the merchantable volume as measured at the mill.
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We also showed the DI measures of total basal area per plot were statistically equiv-
alent to the field validation cruise measurements at regions of equivalence of +31% or
greater for the intercept and +12% or greater for the slope. These results again illustrate
that the DI does underestimate the basal area. However, Figure 5a,b show that at the up-
per end of both the height and basal area distributions, the DI and field validation data
were broadly similar, implying that for these 1029 plots, the DI is not missing large trees
that would account for a major proportion of the basal area or volume in the plots. This
result is notable as Figure 11 demonstrates that the DI and CFI forest-wide distributions
of VPA were broadly similar, except that the DI appeared to exclude some very high VPA
plots occurring at the far-right hand side of the distribution. The lack of similar omissions
in the direct comparison of the DI and field validation data raises questions about the
accuracy of these very high VPA values within the CFI.

When considered with these two similar previous studies, the data in the current
study provides further evidence that the DI likely represents an improved estimate of the
forest condition as compared to the sub-sample-based traditional cruise approach of CFI,
and that differences between the DI and CFI inventories do not necessarily reflect defi-
ciencies in the DI approach.

5. Conclusions
To recap, the research questions of this study were:

1. How effectively does the DI capture regional inventory information, such as heights,
TPA, BAA, and VPA, when compared to forward-modeled CFI data?

2. What sizes of trees are the DI- and CFI-derived inventories effective at describing?

3. What are the sources of uncertainty in the base CFI, forward-modeled CFI, and ALS-
derived inventories?

When considering a direct comparison of CFI and DI in the absence of validation data
concurrent with when each dataset was acquired (i.e., 2015 and 2016 for CFI, and 2019 for
the DI), the observed differences between CFI and DI could be dismissed as simply DI
missing small trees, where such a conclusion assumes that the CFI represents ground truth
data. As we showed in the DI versus field cruise data, the DI clearly misses some trees,
but importantly not at the upper end of the observed size classes. Even though the DI is
not a complete census, it is likely closer to a population estimate as every tree across all
size classes that is detected has its height and other attributes measured. In contrast,
within each CFI plot, only a small percentage of trees greater than 5 inches DBH have their
heights measured. Consequently, the CFI data cannot reasonably be considered ground
truth data, and the direct comparison alone cannot be used to infer which of CFI or DI is
the more accurate dataset. Furthermore, when considering the DI validation dataset
within this study with the DI validation studies, to date, that cross-compared DI and field
cruise data with ground-truth felled trees, the DI should arguably be considered the more
accurate dataset as compared to CFI. Furthermore, unlike CFI, the uncertainty within the
DI estimates is known, given they have been validated in this study and in prior studies.

An additional source of uncertainty associated with CFI is that trees are often not
treated in the same way as the rest of the forest. Consequently, the monumented observa-
tions might not be truly representative of the population. This contrasts with the DI, which
by design captures information throughout the entire variation in current conditions
across the forest. Furthermore, additional CFI volume errors may arise through the use of
FVS given FVS by default sets a minimum DBH for sawtimber at 7 inches, meaning that
any 5- to 6-inch trees will be set to have zero MBF volumes [57].

For the total forest-wide (landscape) analysis, the CFI was 44% higher than the DI for
volume. However, the analyses suggested this difference could be at least partially
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attributed to on-plot bias due to very high VPA plots within the CFI data (i.e., Figure 12).
Consequently, forest management may want to consider including DI-based inventories
when making planning decisions. Importantly, we contend that both CFI and LiDAR da-
tasets such as DI are essential for effective forest management. CFI datasets allow forest
management to monitor long term impacts on forested ecosystems, including quantifying
the impacts of fires, insects, windthrow, etc. CFI datasets also include assessments of sap-
lings and defects, each essential to future growth and yield predictions. In turn, DI-based
datasets provide large-scale data of all trees across management areas. DI-based datasets
can be used to diagnose potential problems in CFI and other field inventory datasets, such
as inaccurate GPS locations, missing or adding trees, or data entry errors. Furthermore,
DI-based inventories can provide data in the gaps where CFI has no data due to standard
buffers such as near riparian zones or roads, or in remote inaccessible areas. LiDAR ac-
quisitions are also associated with considerable value-added datasets, such as digital ele-
vation models, information on slope stability, forested roads and trails, habitat data, ri-
parian areas, and fuels and fire risk, among many others [5,58,59].

This study has concentrated on comparing the inventories of a sample-based meas-
urement, the CFI, to a population-based measurement, the DI. The analysis demonstrated
that although DI is missing smaller trees compared to CFI's sample-based estimate, the
value of a complete-coverage DI to describe the extent and distribution of forested condi-
tions across a forested landscape cannot be overstated; when used together CFI and DI
datasets represent a powerful set of tools within the forest management toolkit.
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