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Abstract

Forest managers need regular accurate assessments of forest conditions to make informed
decisions associated with harvest schedules, growth projections, merchandising, invest-
ment, and overall management planning. Traditionally, this is achieved through field-based
sampling (i.e., timber cruising) a subset of the trees within a desired area (e.g., 1%–2%)
through stratification of the landscape to group similar vegetation structures and apply
a grid within each stratum where fixed- or variable-radius sample locations (i.e., plots)
are installed to gather information used to estimate trees throughout the unmeasured
remainder of the area. These traditional approaches are often limited in their assessment of
uncertainty until trees are harvested and processed. However, the increasing availability of
airborne laser scanning datasets in commercial forestry processed into Digital Inventories®

enables the ability to non-destructively assess the accuracy of these field-based surveys,
which are commonly referred to as cruises. In this study, we assess the uncertainty of
common field sampling-based estimation methods by comparing them to a population of
individual trees developed using established and validated methods and in operational use
on the University of Idaho Experimental Forest (UIEF) and a commercial conifer plantation
in Louisiana, USA (PLLP). A series of repeated sampling experiments, representing over
90 million simulations, were conducted under industry-standard cruise specifications, and
the resulting estimates are compared against the population values. The analysis reveals
key limitations in current sampling approaches, highlighting biases and inefficiencies in-
herent in certain specifications. Specifically, methods applied to handle edge plots (i.e.,
measurements conducted on or near the boundary of a sampling stratum), and stratum
delineation contributes most significantly to systematic bias in estimates of the mean and
variance around the mean. The study also shows that conventional estimators, designed
for perfectly randomized experiments, are highly sensitive to plot location strategies in
field settings, leading to potential inaccurate estimations of BAA and TPA. Overall, the
study highlights the challenges and limitations of traditional forest sampling and impacts
specific sampling design decisions can have on the reliability of key statistical estimates.

Keywords: LiDAR; forest inventory; sampling; uncertainties; variable-radius plot; cruise
sampling modelling; Douglas fir; Loblolly pine
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1. Introduction
The effective management of forested ecosystems had traditionally relied on the

regular sampling of ground plots, which typically represent a small fraction of the total
management area, to infer population-level estimates of attributes such as tree density,
basal area, volume, aboveground biomass, and carbon [1–4]. The major challenge of using
a sample-based forest inventory is that a sufficient number of plots will be needed to
capture the species composition and structural variability of the landscape while also being
operationally and economically feasible. Sampling design commonly includes a priori
information about the landscape such as established compartment boundaries and ancillary
variability data used to infer the expected number of plots and/or cruise specifications
to establish a reliable sample. If an insufficient number of plots are measured or a poorly
designed sampling strategy is used, resulting stand- and forest-level estimates can be biased
and inaccurate [5]. Validating sampling schemes has also been a significant challenge, as
inventories of 100% of all the trees within a stand or forest (i.e., a census) are rarely
conducted, yet knowledge of the relative advantages and disadvantages of sampling
schemes is critical for forest mangers to plan and monitor forest ecosystem goods and
services [6,7].

Historically, solutions to the sampling problem in forest inventory have fallen into
two main categories: those focused on optimizing the spatial distribution of plots across
the landscape and those aimed at improving sampling efficiency within each plot. Forest
inventory has used various sampling schemes to scale estimates from field plots to stand
and regional scales [8,9]. Due to the high operational costs of collecting high-quality field
data, forest managers attempt to design sampling schemes that will produce low-bias
population estimates with an acceptable level of variance around the mean [10].

Among these sampling designs, fixed-area and variable-radius plot have become the
standard tools of operational forest inventory due to their relative simplicity and statistical
robustness [11]. These methods are well suited for estimating key forest attributes such as
basal area and tree density. However, despite decades of methodological refinement, plot-
based sampling captures only a limited and often sparse picture of structure and spatial
variability within a forested area. For instance, trees may enter or leave a variable-radius
sample plot perimeter due to the growth of the tree or changes in the basal area factor (BAF)
used to identify “in/out” trees, leading to dynamic changes in expansion factors that can
complicate estimations of change [11].

To address spatial representativeness at the landscape level, many inventories have
employed systematic sampling strategies—often laying out plots on regular grids with
a fixed or randomly chosen starting point for each stand or compartment to be sampled.
Many sampling schemas are widely used by forestry and land management, including
various forms of simple random sampling, stratified random sampling, double sampling,
and regression or ratio estimators [9,10]. Systematic sampling is widely used by operational
foresters based on time efficiencies, reduced cost, and ease of access [9]. However, with
all plot locations being predetermined from the location of the first, these samples will not
meet the independence requirements of the statistical tests commonly used to assess the
estimates [9]. As described by Freese, a compromise approach is to use two systematic
grids, each with a random starting point, to obtain an estimate of the error.

To overcome limitations in field-based sampling, many forest inventories now employ
model-assisted estimation frameworks that integrate sample data with spatially complete,
or “wall-to-wall”, auxiliary information, such as satellite imagery and light detection and
ranging (LiDAR) or airborne laser scanning (ALS) data, to produce spatially continuous
forest structural data to inform predictions of growth and yield [1,12–14]. This hybrid
strategy represents a paradigm shift from purely design-based inference to combined
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estimation systems where remote sensing enhances coverage, while field plots still serve a
critical role in model calibration and validation [15]. Airborne laser scanning has enabled
a more precise characterization of both vertical and horizontal forest structures [16,17].
While ALS height measurements have been found to underestimate the true maximum tree
height due to the occlusion of tree leaders, they have however been shown to have lower
bias and RMSE than manual field measurements [12,18–20]. Questions have been raised
regarding the quantification of uncertainty and how to adequately estimate the uncertainty
of such comparisons [21,22].

An increasing reliance on spatially continuous model predictions does not replace
traditional sampling but repositions it within a broader inferential framework. Sample
plots remain essential for error calibration and assessing model bias; however, the principal
burden of estimation is increasingly borne by predictive models trained on ancillary data.
This trend reflects the operational need for high-resolution, spatially explicit forest metrics,
especially for planning, ecological monitoring, and carbon reporting. As this reliance on
geospatial data increases, challenges emerge in scaling local measurements to regional
estimates. Conventional sample designs, such as those used within the U.S. Forest Inventory
and Analysis (FIA) program [7], allow for accurate localized estimations but lack spatial
coverage and are resource-intensive to scale [4]. Early innovations [23] introduced double
sampling and partial replacement—combining extensive photo plots with fewer field
plots—to reduce cost while retaining precision. These foundational ideas have since been
adapted to modernize regional inventories using photo interpretation and nonuniform
sampling designs [4,24]. For example, double sampling for post-stratification combines
human-interpreted aerial imagery with mapped strata to produce more accurate estimates
than fully automated stratification approaches—offering a balance between precision and
cost-effectiveness. Nevertheless, remote sensing-derived estimates still depend heavily on
the structure and quality of stratification and in-field data. Inaccurate or coarse stratum
definitions can introduce errors that propagate throughout analyses and significantly
influence results [4].

A recent comparison between a Continuous Forest Inventory (CFI) and a Digital
Inventory® on >600,000 contiguous acres of mixed conifer forest in Washington State [25]
demonstrated that ALS-derived population metrics of basal area and volume can exhibit
higher precision and accuracy than scaled up field-derived estimates. Much of this was
attributed to the population-level measurements the ALS data captures, while the CFI
sampling methodology represents only a small fraction of trees within the total project
area (e.g., <1%). Estimates of a population from sampling methodologies can be prone to
significant bias if a disproportionate number of plots are in strata that do not adequately
represent all heterogenic conditions [25].

Forest inventory estimates are best understood as a pair of values: a mean and its
associated variance [26,27]. While the mean is intuitive and often emphasized in report-
ing, it alone does not capture the uncertainty around the estimate. The variance, though
less immediately interpretable, is essential for understanding the range and likelihood of
possible true values and making statistically sound comparisons. Estimating the mean
is relatively straightforward but obtaining an accurate and unbiased estimate of the vari-
ance is typically more complex, requiring careful attention to sampling design, spatial
dependencies, and estimator choice. The simple random sample estimator yields too
conservative estimations, and alternative solutions are being proposed such as Matérn’s,
successive difference replication, Ripley’s, and D’Orazio’s variance estimators to account
for the autocorrelation [28].
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The objectives of the current study are to assess the accuracy of various sampling
approaches using an ALS-based forest population processed and validated in other stud-
ies [19,29–33]. Specifically, the objectives of this study were to achieve the following:

1. Cross-compare common sampling schemes and assess the variability in key forest
inventory metrics (trees per acre, TPA, basal area per acre, BAA).

2. Assess the sources of uncertainty in the different sampling schemes.

2. Materials and Methods
2.1. Digital Forest Twin

This study uses the ForestView® Digital Inventory® (NMI, Moscow, ID, USA) system
to create a “digital twin” to perform a forest inventory simulation and statistical comparison
study between sample estimates around a known population mean, which is provided by
the “digital twin”. Here, the population is defined as the detected trees within each study
area. This research was conducted in two different geographic areas and forest types: the
mixed-conifer forests of the University of Idaho Experimental Forest (UIEF) in northern
Idaho and a commercial single-species plantation of Pinus taeda (Loblolly pine) (PLLP) in
central Louisiana.

The UIEF Digital Inventory® used in this study is located ∼20 km northeast of Moscow,
ID, USA (Figure 1, left pane). The UIEF is a mixed-conifer, multi-use forest with a diverse
range of stand structure and composition. Dominant species include Pseudotsuga menziesii
(Mirb.) Franco var. glauca (Beissn.) Franco (Douglas fir), Abies grandis (Douglas ex D. Don)
Lindl. (grand fir), Thuja plicata Donn ex D. Don (western redcedar), Larix occidentalis Nutt.
(western larch) and Pinus ponderosa Dougl. ex Laws. (ponderosa pine). Other species within
the study area include Pinus contorta Douglas ex Louden (lodgepole pine), Pinus monticola
var. minima Lemmon (western white pine), and Picea engelmannii var. glabra Goodman
(Engelmann spruce). The elevation across the UIEF ranges from ∼800 to 1200 m, and the
local climate is characterized by cool and wet winters and warm and dry summers. The
mean summer (June–August) temperature over the 1991–2020 period was 17.2 ◦C, the mean
summer precipitation was 81 mm, and the mean annual precipitation was 622 mm [34].

Figure 1. Spatial distribution of trees, symbolized by DBH, across forest stands within the UIEF
(left) and PLLP (right) study areas.

The PLLP Digital Inventory® used in this study is located in Bienville Parish, southwest
of Bienville, LA, USA (Figure 1, right pane). The dataset was collected from a 270 ha
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(670-acre) even-aged commercial conifer plantation. A private landowner, participating in
a multi-state 600,000 ha ALS-based forest inventory, offered our team access to this stand.
The elevation of these stands was 100 m above sea level, the soil composition was a well-
drained upland Betis loam and the topography exhibited a slight west-facing aspect. The
local climate is characterized by mild winters and hot, humid summers. The mean summer
(June–August) temperature over the 1991–2020 period was 27.2 ◦C, the mean summer
precipitation was 95 mm, and the mean annual precipitation was 117 mm [34]. The subject
stands were established in 1995 as a single-species plantation and were commercially
thinned to remove every 5th row prior to field measurement.

2.2. ALS Data and Preprocessing

The ALS data for the UIEF study area were acquired in July 2022 using a RIEGL
VQ-1560II sensor (RIEGL, Horn, Austria) mounted on a fixed-wing aircraft fitted with a
Gyro Stabilization Mount (SOMAG, Jena, Germany). The elevation of the aircraft was main-
tained between 2000 and 2500 m above ground level, and flight lines alternated orientations
while maintaining a 50% flight-line overlap with respect to the 58◦ sensor field-of-view.
The average scan density was 22 pulses per square meter with an average per-pulse return
rate of four over forested landscapes. The ALS data were preprocessed to normalize laser
intensity within the RIEGL RiPROCESS software v. 1.9.2.4 (RIEGL, Horn, Austria) and
classified to bare earth, vegetation, water, buildings, and noise returns before being tiled
into 500 m2 .LAZ file-type tiles by the LiDAR acquisition company (Airborne Imaging,
Calgary, AB, Canada).

ALS data for the Louisiana study area were acquired in December 2020 using a RIEGL
VQ-1560II sensor (RIEGL, Horn, Austria) mounted on a fixed-wing aircraft fitted with
a Gyro Stabilization 4000 Mount (SOMAG, Jena, Germany). Elevation of the aircraft
was maintained between 1600 and 1900 m above ground level and flight lines alternated
orientations while maintaining a 50% flight-line overlap with respect to the 58◦ sensor
field of view. The average scan density was 20 pulses per square meter with an average
pulse return rate of four. The ALS data were preprocessed to normalize laser intensity
within the RIEGL RiPROCESS software (RIEGL, Horn, Austria) and classified to bare earth,
vegetation, water, buildings, and noise returns before being tiled into 500 m2 .LAZ file-type
tiles by the LiDAR acquisition company and delivered to our team.

2.3. ALS Individual Tree Detection and Measurement

The ALS .LAZ files were imported into ForestView® for individual tree detection and
the processing of stand- and individual tree-metrics. Individual tree detection within this
software begins with the generation of a digital elevation model (DEM) and digital surface
model (DSM) in order to generate a canopy height model (CHM) at 0.5 m resolution directly
from the ALS point cloud. The software then iterates through multiple methods, similar to
watershed and local maxima algorithms [35–37], that detect peaks in the CHM. These peaks
are assumed to be the tops of tree “approximate” objects; thus, their location and respective
height are recorded. For tree-attribute estimation, the software relies on an internal database
of field- and ALS-measured stem-mapped trees, each having diameter at breast height
(DBH), height, species, crown condition, and taper information. The software calculates a
large number (100+) of metrics from the ALS point cloud for each individual tree object
and uses these metrics along with the field-measured attributes in the database to model
tree attributes for each ALS-detected tree. The DBH modeling draws on height-, crown-,
density-, and spacing-related metrics derived from the ALS point cloud data and their
respective allometric relationships to the trees stem mapped in the field. Further details
on ForestView® processing and outputs are reported in [30]. The individual tree location,
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maximum height, and DBH were the only ForestView® derived Digital Inventory® metrics
utilized in this research. Additional outputs available but not assessed in this study were
various crown descriptors, height to live crown, social dominance, and gross stem volume.

2.4. Digital Inventories

This simulation study uses two datasets consisting of a subset of the UIEF stands and
PLLP stands that provide a realistic representation of a natural forest, where the spatial
distribution of trees and their sizes are influenced by a complex interplay of ecological and
environmental factors.

The UIEF dataset represents 99,420 trees from 85 stands. The average stand size is
approximately ∼5 ha (∼12 acres) (Figure 1, left panel). The inventory includes stands of
varying sizes and tree compositions. Douglas fir is the most prevalent species, comprising
49% of the total. This is followed, in descending order, by western redcedar, ponderosa
pine, lodgepole pine, and western larch, with grand fir being the least represented species,
accounting for only 1% (see Figure 2). The distribution of heights and diameter at breast
height (DBH) exhibits a bimodal pattern, with DBH peaks around 40 cm (∼16 inches) and
13 cm (∼5 inches), and height peaks at approximately 30 m and 10 m (see Figure 3 upper
pane). Figure 4 shows the spatial distribution of TPA and BAA for the stands in each study
area. While there is a slight positive correlation between these two metrics, the relationship
is not strongly linear. Some stands have a high tree density while maintaining a median
BAA and vice versa. The average TPA is 107 and the average BAA is 100.

The PLLP dataset included 18 stands and 372,773 trees. The average stand area was
15 ha (36 acres), which led to all stands being of greater size and more dense compared to
the UIEF. The distribution of heights and diameter at breast height (DBH) (see Figure 2
right panel) shows that the majority of trees were concentrated at small sizes. The DBH
peaks sharply around 7.0 cm (∼3 inches) with a secondary, less pronounced mode near
20.0 cm (∼8 inches). Heights display a dominant peak at approximately 5 m with smaller
clusters extending toward 10 m to 15 m and a third cluster at 25 m. The overall structure
indicates a younger or more densely regenerated stand characterized by a large number of
small-diameter, shorter trees with an average TPA of 91 and an average BAA of 567.

Figure 2. The distribution of the species in the selected UIEF (left) and PLLP (right) stands.
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Figure 3. Tree height and DBH distributions, along with the observed height–diameter relationship
of the selected UIEF (top) and PLLP (bottom) stands.

Figure 4. Basal area per acre (BAA) and trees per acre (TPA) aggregated at the stand level across the
UIEF (top) and PLLP (bottom) study area.
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The ALS and field measurements for the UIEF and the PLLP were completed following
the same protocols to maintain as much consistency as possible for analysis purposes.
The final inventory was built using ForestView®, which is a gray box tree detection and
measurement algorithm that is described in detail in [30,31]. The ForestView® Digital
Inventory® product is a full population estimate of the forest with a spatially registered tree
list and attributes that serve as the baseline for this study. The authors acknowledge that the
Digital Inventory® used as the baseline for this study is an estimate and may be statistically
biased in relation to the true forest in various aspects. However, the individual-tree dataset
provides a reasonable representation of forest structure and distribution that eliminates the
need to simulate many configurations of complex forest structures seen in the western and
southeastern United States.

2.5. Sampling Simulation

With the Digital Inventory® representing the total forest population, we defined
107 forest inventory cruise alternatives (see Appendix A.2) that varied in noise levels, error
rates, sampling schemes, and edge plot methodologies. The simulated cruise specification con-
sists of 8 parameters (see Table 1) including the VRP specifications, plot selection parameters,
and parameters defining some potential sources of errors (noise simulation). The sampling
simulation was coded in a combination of Rust v. 1.89.0 [38] and Python v. 3.12 [39] to apply a
set of cruise specifications to the Digital Inventory® to retrieve a sampled tree list.

Table 1. The parameters used in the sampling simulation VRP experiments and their default values.

Parameter Value

Fixed Subplot Radius, m 20
BAF DBH, inches 5

BAF Multiplier 1
DBH Noise (Error), cm 0
Height Noise (Error), m 0

Grid Spacing, m 80
Edge Buffer Width, m −20

Edge Plot Method “Walkthrough”

Each cruise was applied to the digital inventory 10,000 times, and the sample mean
and variance of key forest metrics (i.e., tree count and basal area) were calculated for each
simulation. We then evaluated the accuracy and reliability of the simulated sample-derived
estimates by comparing them to the corresponding true population means for each metric
(see Figure 5).

Figure 5. Structure of the simulation experiment. The simulation is conducted for each plot location
method across all stands. For every combination of stand and simulation parameters, forest metrics
are estimated, confidence intervals are derived, and the inclusion (hit) or exclusion (no hit) of the true
population mean is evaluated. Each combination is repeated 10,000 times.
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The edge plot methods used in the simulations are described below. Parameters
controlling the simulated measurement errors are documented in Appendix A.1.

Drop: This drops an edge plot from all calculations and only uses plots that are not
identified as edge plots as determined by a buffer distance from the stand boundary.
Shift: This moves an “edge plot” to the nearest point within a negatively buffered stand
polygon as determined by a buffer distance from the stand boundary.
Walkthrough: This cruises an edge plot using the walkthrough method as it was described
in Ducey et al., 2004 [40] where a tree is double counted if the stand boundary is closer to
the tree than the plot center is to the tree along the same azimuth from the plot center.

The entire space of possible parameter combinations was not exhaustively explored.
Instead, testing was limited to a subset of reasonable and practical combinations. Most
experiments were conducted by holding all parameters at their default values (Table 1) and
varying only one parameter at a time (see Appendix A.2 for a full list).

This experiment was repeated several times for different plot location schemes (see
Figure 6b) with the UIEF including three methods (grid, random, double grid) and the
PLLP including two methods (grid and random):

Grid Sampling: Plots are assigned on a grid with a uniform random shift less than the grid
spacing applied to the grid origin for each simulation and stand sample,
Random Sampling: Random plot locations are assigned within the stand boundary at the
target grid density
Double grid: Each stand is overlaid with two grids, with the origin point of each grid
selected at random, as described by Freese 1962 [9],which results in two independent
estimations for a single stand. Since the two estimations are derived randomly and inde-
pendently, they can be treated as truly random values. The final estimate and its confidence
interval are then calculated based on these two values.

The simulations were also repeated on the UIEF inventory using random stands,
described as follows, to quantify how improper stand delineation affects inventory out-
comes. In this case, “artificial” stands were created by constructing Voronoi polygons from
uniformly distributed seed points across the study area. This design provides a neutral
framework for testing the sensitivity of stratified estimators to boundary mis-specification.
The Voronoi polygons in Figure 7 represent artificial stand delineations derived from
uniformly distributed seed points across the landscape.

The total number of simulations for the UIEF—107 cruise specifications for 85 stands
with 10,000 simulations for every spec–stand combination was 90,950,000 simulations per
plot location method. The total number of simulations for the PLLP—87 cruise speci-
fications for 18 stands with 10,000 simulations for every spec–stand combination—was
15,660,000 simulations per plot location method.

2.6. Analysis

Each simulation produces a sampled tree list for every plot within each stand. The
plot data are compiled to estimate the mean tree count, basal area, and volume (as basal
area times height) per acre at each plot location. The statistical mean and variance across
the plots are then recorded for each stand. We can report that a confidence interval for
each stand is typically calculated from the theoretical uncertainty of the sample using the
standard error of the plot level mean estimates [41] as

CI = x̄ ± tα/2,n−1

(
s√
n

)
(1)
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where x̄ is the sample mean, tα/2,n−1 is the critical value from the t-distribution with n − 1
degrees of freedom at the desired confidence level α, s is the sample standard deviation,
and n is the number of plots.

WalkthroughDrop

Shift

not sampled

sampled twice

missing area

buffer size

(a) Edge plot methods used in the simulation and potential sources of error.

Grid Sampling

x̄ ± CI µ

Random Sampling

x̄ ± CI µ

Double-Grid Sampling

x̄ ± CI µ

(b) Plot location methods used in the simulation.

Figure 6. Visualization of field plot sampling methods used in the simulation. (a) Edge plot methods:
the Drop method excludes plots within a buffer distance of the stand boundary, which can lead to
missing trees near edges; the Shift method relocates edge plots inward, potentially omitting trees that
would otherwise be sampled; and the Walkthrough method (after Ducey et al., 2004 [40]) samples
certain trees twice. The buffer size determines the width of the edge zone; when set too small, plots
not technically on the boundary may still have unmeasured areas. (b) Plot location methods: the
grid sampling method assigns plots on a grid with a random offset of less than one grid spacing,
which can cause systematic over- or under-sampling depending on systematic patterns of spatial tree
distribution; the random sampling method places plots uniformly at random within the stand; and the
double-grid method overlays two independent grids (after Freese, 1962 [9]), producing two random
and statistically independent estimates per stand, from which the final estimates and confidence
intervals are derived.

A confidence level of 95% is widely used across industries, especially those with ample
data and more clearly defined trends (e.g., medical, insurance, finance, etc.) [42]. However,
in complex and highly variable forest structures, often paired with reduced sample sizes,
high confidence levels can lead to very large and potentially nugatory confidence inter-
vals [43]. Additionally, higher confidence levels require more sample plots [44], increasing
the cost of forest inventory efforts. Therefore, it is common for industrial forest landowners
to use a confidence level less than 95% (e.g., 90% or 80%) for standard forest metrics such
as volume per acre, BAA, or TPA if the inventory project allows. This tightens upper and
lower bounds while maintaining adequate confidence that the true mean lies within the
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interval [27,45]. This is not always ideal or possible when considering the more rigorous
tolerances of some inventory projects such as forest carbon offset quantifications or land
transaction valuations [46,47]. In this study, we assessed the reliability of the confidence
intervals (CIs) produced by each plot selection method. For each stand in each simula-
tion, we calculated an 80% confidence interval and evaluated whether it captured the
true mean of the LiDAR-based population of the stand. This process was repeated across
10,000 simulations per stand. The proportion of simulations in which the true value fell
within the estimated CI (i.e., estimate ± CI) was recorded as the hit rate. In theory, this hit
rate should align with the nominal confidence level—meaning approximately 80% of the
intervals should contain the true mean of the stand.

Figure 7. The UIEF stand boundaries (solid black lines) overlaid on randomly generated Voronoi
polygons (colored regions) used in the experimental stratification.

For this research, we used the simple mean and simple estimation for the variance
that is most widely used within the practice of building inventories. There are estimators
that are potentially more suitable for the task of estimating the variation around the mean
and spatial autocorrelation more adequately [23,28].

To evaluate the performance of different sampling schemes, we assessed both the
accuracy and the uncertainty of the simulated estimates. Accuracy was quantified using
normalized bias, which was defined as the mean bias from the true population mean
of all simulations for a given stand and field specification divided by the true mean.
Normalization allowed a direct comparison of bias across stands and attributes with
different magnitudes.
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Uncertainty was evaluated through the empirical coverage of nominal CIs. For each
simulation, 80% CIs were constructed for the number of trees per acre (TPA) and the basal
area per acre (BAA). The empirical hit rate—the proportion of simulations in which the
CI contained the true mean—was then compared against the nominal 80% expectation.
Deviations from the nominal level indicate either under-coverage (intervals too narrow) or
over-coverage (intervals too wide).

Together, these metrics provide a basis for assessing both the calibration and reliability
of different sampling schemes.

3. Results
Figures 8 and 9 present the results of simulated TPA and BAA sample estimates for

the UIEF and PLLP stands for all simulations by plotting the empirical hit rate against the
normalized bias. The figure reveals the miscalibration of the 80% confidence intervals (CIs)
for the systematic grids. The graphs reveal that many simulations failed to achieve the
nominal 80% hit rate, especially in cases where the normalized bias deviated substantially
from zero. A general tendency toward negative bias is observed, meaning that estimates
frequently fell below the true values. Interestingly, basal area estimates exhibit a pattern
of coverage rates exceeding the nominal 80% level (over-coverage) — suggesting that the
intervals for this variable may be overly conservative in the statistical sense, i.e., being
wider than necessary to achieve the nominal coverage probability.

Figure 8. Results for the simulations on UIEF dataset: Density maps showing the hit rates of 80%
confidence intervals for all simulated systematic VRP cruises using different plot location methods.
Red lines indicate the theoretically expected hit rate (80%) and zero bias. Each data point on the
graph represents a summary for 10,000 simulations for a pair of stand and cruise specifications for
the many simulated cruises across the study area. The scatter distributions and marginal histograms
reveal substantial over-coverage for grid-based plot locations, where the observed hit rates averaged
∼85% for TPA and ∼95% for BAA compared to the nominal 80%.
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Figure 9. Results for the simulations on the PLLP dataset: density maps showing the hit rates of 80%
confidence intervals for all simulated systematic VRP cruises using different plot location methods.
Red lines indicate the theoretically expected hit rate (80%) and zero bias. Each data point on the
graph represents a summary for 10,000 simulations for a pair of stand and cruise specifications of the
many simulated cruises across the study area. The shape of the scatter and the histogram suggest a
significant over-coverage and incorrectly estimated CI for the simulations that used plots located on
a grid.

Table 2 summarizes the median normalized bias across different plot location schemes.
For both TPA and BAA, the grid, random, and double-grid placement produced very
similar levels of bias with values generally below ±0.2. In contrast, the random placement
within incorrectly stratified stands produced a markedly higher bias for BAA.

Table 2. Median normalized bias for different plot location schemes aggregated across combinations
of field cruise specification and stands. Normalized bias is presented as a dimensionless ratio, which
is calculated as the difference between estimated and true values divided by the confidence interval.
Values closer to zero indicate less bias relative to the uncertainty of the estimate.

Method
UIEF PLLP

Trees/Acre Basal Area/Acre Trees/Acre Basal Area/Acre

Grid −0.16 −0.07 0.10 0.10
Random −0.16 −0.08 0.09 0.09
Random (walkthrough only) −0.10 0.00 0.09 0.09
Double grid −0.15 −0.08 - -
Random with incorrect stratification 0.15 0.23 - -

Maximum and minimum values are highlighted in bold.

Figures 10 and 11 show a simplified summary of the distribution of hit rates across
different plot layout methodologies (grid, random, and double grid) for the UIEF and
PLLP study areas. For both study areas, the gridded method shows the widest range of
simulated hit rates, indicating that it was the least effective method for reliably estimating
an accurate confidence interval. The distribution of hit rates for the estimates using the
“double grid” plot location method yielded results comparable to those obtained using the
random plot location method. Even though the random plot location method yielded more
accurate estimations for the CI out of the three methods used (Figure 12)—the negative
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bias is still evident. For the UIEF, the using “walkthrough”-only specifications (marked
with an asterisk in the figures) consistently improved the hit rates relative to their mixed-
method counterparts, highlighting the influence of edge plot handling. In contrast, no such
improvement was observed for the PLLP.

Figure 10. The hit rates of 80% confidence intervals for all simulated systematic VRP cruises on
the UIEF using different plot location methods. Red lines indicate the theoretically expected hit
rate (80%). The random and “double-grid” methods show the results closer to those theoretically
expected. Names marked with an asterisk (*) indicate cases where only the “walkthrough” edge plot
method was used, which generally improved the hit rate for random and double-grid methods.

Figure 11. The hit rates of 80% confidence intervals for all simulated systematic VRP cruises on the
PLLP using different plot location methods. Red lines indicate the theoretically expected hit rate
(80%). The random plot location method show the results closer to those theoretically expected.
Names marked with an asterisk (*) indicate cases where only the “walkthrough” edge plot method
was used, which shows no improvement for the PLLP stands.

Figure 12. The distribution of confidence interval width for the simulated samples using different plot
placement methods for the UIEF. The double-grid method shows more variance in the CI estimations.
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4. Discussion
The simulation results present multiple findings that confirm previous contributions

from the existing literature around sample design and provide new insights in the context
of modern forest measurement technology within the following categories:

• Definition of stands as the sampling target;
• Spatial sampling scheme of plots within a stand including stand edge methodology;
• Plot measurement specification.

We are also aware of additional potential sources of error that are overlooked in the
handling of traditional inventory methodologies; these were considered outside the scope
of this study but warrant additional investigation.

4.1. Definition of Stands as the Sampling Target

Forest managers must pay careful attention to the sample design of an inventory be-
cause an appropriate stratification is critical with respect to sampling for, and the estimation
of, precision and accuracy [4]. Stratification—dividing heterogeneous populations into inter-
nally homogeneous units—minimizes within-stratum variability and maximizes between-
stratum variance, resulting in more precise estimates for a given sample size [48,49]. In
practical field inventories, this typically translates into delineating forest stands by at-
tributes such as species composition, age class, canopy density, or site productivity [50].
Effective stand delineation not only reduces variance from sampling methodologies but
also contributes to improved logistical efficiency, often reducing the number of sample
plots necessary to meet a desired level of statistical sampling accuracy [27,51]. However,
stand delineation is inherently subjective—boundaries are often drawn based on imperfect
remote-sensing interpretation, field reconnaissance, or silvicultural definitions.

Misclassification or improperly drawn boundaries can introduce stratification bias,
undermining estimator accuracy even when standard stratified sampling formulas are
applied. For example, the results presented in Table 2 show that the improperly delineated
stands introduce a significant bias in the final estimation of the BAA (with a 0.23 normalized
bias). Furthermore, throughout the forestry business sector, it is widely known that the
stand boundaries used for forest inventory and silviculture purposes rarely overlap with
the boundaries used for timber harvest operations. As such, the quality of an existing
stand layer available to a given forest manager for inventory sampling design is likely
to vary significantly, and the creation of a new stand layer is often a time-intensive ef-
fort. We acknowledge that the alternate delineation methodology employed in this study
represents a likely “worst-case” scenario for this forest structure, but it provides initial
context for further investigation regarding a source of error typically ignored in confidence
interval estimations.

4.2. Spatial Design of a Stand Sample

Common traditional inventory practices use statistical estimators that assume the
underlying sample is taken randomly from a normal distribution; in many ways, natural
forest configurations and the most frequently used sampling techniques independently
violate these assumptions. Although forest managers make their best effort to group the
population of trees being sampled into homogeneous stands, the spatial distribution of tree
locations must follow certain physical constraints. Constraints such as the minimum spac-
ing and distributions of tree diameter and height tend to follow log-normal distributions.
Both of these forest structural attributes are in conflict with the statistical assumptions used
for estimators commonly relied on by forest managers.

For example, generally, the stand structure is governed by factors such as species
composition, stand age, competition, and site conditions, all of which vary across the
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landscape. The relationships among these factors within a stand are rarely linear, reflecting
the inherent variability and complexity of forest ecosystems. Häbel et al. (2019) [52] showed
that the plot size plays a significant role depending on how clustered the forest is. Nonlinear
stand density indices can introduce bias and uncertainty, which vary with the sample size
and variance–covariance structure of measured variables [53]. Specifically, the DBH values
within each stand are not randomly distributed but instead represent a mixture of several
log-normal distributions, reflecting the natural variation in tree sizes. The basal area factor
(BAF) and plot size influence the precision and accuracy of forest inventory estimates
with coefficients of variation decreasing as the plot size increases and BAF decreases [54].
These deviations from the assumptions of randomness likely contribute to the observed
bias in simulations and the incorrect CI estimations. Understanding these factors can help
optimize forest inventory design, potentially improving precision or reducing costs [52].

In some cases, especially when the TPA or BAA of a stand is low and sparse, the distri-
bution of resulting samples does not follow a normal distribution. This tends to cause the
lower bound estimate of a reported confidence interval around the mean to be lower than
expected (see marginal histograms on Figures 8 and 9). Furthermore, in these non-normal
examples, the expected value of the sample falls close to the true mean, but the “most
likely” or median occurrences from an individual sample will often underestimate the true
population mean. These concepts are difficult to translate into meaningful insights for forest
managers, but they do highlight the importance and challenges of accurately capturing
and estimating the uncertainty caused by spatial variability in a sample-based cruise.

The largest contributor to poorly calibrated hit rates is the methodology used for plot
layout. As shown in our study (Figures 8 and 9), the random plot placement more reliably
estimates CIs for TPA and BAA. Historically, the gridded plot layout has been strongly
favored over the random layout due to the in-field operational efficiencies associated
with collections on a systematic grid. Given the advances in mobile GPS and collection
technologies over previous decades, it may be worth reconsidering the operational and
statistical trade-offs presented by gridded plot layouts. Another alternative is the double-
grid method, which requires only modestly greater effort than a single grid while producing
results that closely approximate those of random sampling. However, a negative bias
remains evident with a strong correlation between this bias and the lower hit rates in the
simulations with random plot placement and the double grid (Table 2). This suggests that
while better plot placement addresses some issues, other factors contributing to the bias
may still need to be considered.

The estimations of the BAA had less absolute normalized bias (<0.1) for both UIEF
and PLLP, while the estimations of the TPA for the UIEF had an average absolute nor-
malized bias around (0.15). Additionally, as shown in Figure 12, the final estimates
are less precise—the distribution of confidence intervals shows more variance in con-
fidence intervals, which is expected given that the estimation is based on only two data
points. However, Hill et al. (2018) [55] showed that a double-sampling extension to the
German National Forest Inventory reduced variance by 25%–43% compared to simple
random sampling.

Another option to address the observed biases and variability in hit rates is to use a
more sophisticated estimator that accounts for the non-randomness in tree distributions and
sampling (e.g., [23,28]), although such approaches typically require additional information
on the precise plot location, spatial tree distributions, assumptions about underlying stand
structure, or more complex computational procedures.

Magnussen et al. (2020) [28] found that alternatives to the simple random sampling
(SRS) estimator performed better, especially in populations with spatial autocorrelation.
Reber and Ek (1983) [56] demonstrated that systematic samples with multiple random starts
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provided variance estimates comparable to cluster sampling in Minnesota timber stands.
However, Whysong and Miller (1987) [57] reported that systematic plot placement was
significantly affected by clumping and pattern intensity, while random sampling produced
more consistent frequency estimates.

The results in Table 2 emphasize that one of the greatest sources of potential bias is
the edge method chosen for data collection. When all edge methods, with the exception
of the walkthrough method, are removed from the simulation, the result is a reduction
in normalized bias from −0.16 to −0.10 for TPA and from −0.08 to 0.00 for the BAA for
the UIEF stands. This is consistent with findings from previous studies [29,58–61], which
showed that edge methods strongly influence the accuracy of forest inventory estimates.
The activity of dropping plots or shifting plots inside a forest stand for sampling tends to
produce further biased results than more simplistic methods such as a “walkthrough” [40].
Furthermore, using a boundary buffer for “edge plot” selection for drop and/or shift
methods produces further increases in bias and skews results.

Overall, the results of this study are broadly consistent with those of Gordon and Pont
(2015) [29], who similarly reported that grid sampling, or single-point sampling, introduced
a bias and resulted in unreliable confidence intervals. While in their study VRP cruises
were not simulated, their results also suggest that both the choice of sampling design and
the accuracy of stand boundaries play critical roles in ensuring unbiased estimates. It is
worth mentioning that Gordon and Pont (2015) [29] examined only four stands dominated
by a single species (Pinus radiata pine), in a New Zealand context, using a LiDAR dataset of
different specifications, whereas our analysis covers a significantly larger number of stands
with greater species diversity and broader geographic representation.

4.3. Tree Selection and Measurement

Our observation that many of the plot-level VRP cruise specifications (BAF, BAF_DBH,
Fixed plot radius) did not significantly impact the bias of the final estimation in comparison
to plot layout and edge plot methods was informative. Because most sampling methods
produced little bias in stand-level estimates, and when the inefficient edge plot methods
(drop, shift) are excluded, the remaining bias is minimal. Under these conditions, the
primary difference among simulations lies in the mean estimation of variance, which tends
to increase as the BAF multiplier grows. In particular, the highest variance occurs when the
BAF used in the cruise was poorly matched to the actual stand conditions, highlighting that
variance inflation rather than systematic bias is the main risk associated with suboptimal
BAF selection.

4.4. Unexplored Sources of Error That Require Further Investigation

Although this study is one of the most comprehensive studies of its kind to date,
we have still only covered a subset of possible forest configurations, species types, and
potential sources of error. Future studies incorporating a greater diversity of forest types,
stand configurations, and successfully matched silvicultural stand boundaries with oper-
ational harvest boundaries may provide additional insights that increase our collective
understanding and use of population-level forestland inventories.

Another potential source of variance that requires further study is the statistical effect
of modeling techniques used when only a limited number of tree heights are measured. It
is likely that the calculated variance would underestimate the true variance of a population
due to a “reversion to the mean” phenomenon that reduces variance within a modeled
population [62]. However, the population data applied in this study use modeled DBH
values, making this more difficult to accurately quantify. Furthermore, the results of this
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research approach may vary by forest type, geography and tree type (i.e., deciduous forest
vs. conifer) with respect to the variance observations of diameter and height.

Lastly, further simulation and a more detailed assessment would be beneficial to
further quantify the potential magnitude of bias introduced by incorrect groupings of trees
to stands and stands to strata. A “worst-case” example of improper stand delineation was
shown in this study (see Table 2), demonstrating the influence that stand boundaries may
have on the resultant forest inventory. Traditional forestry often groups stands by strata
and only samples a subset of stands to inform a pooled variance approach. Because these
strata typically rely on a priori information about individual stand strata, future research
should consider this as another possible source of bias within sampling methodologies.

4.5. Opportunities from Wall-to-Wall Remote Sensing Data

The current study was based on a complete forest inventory derived from ALS data.
As demonstrated, replicating such a full-coverage inventory using conventional plot-
based methods presents several challenges. Wall-to-wall remote sensing data—particularly
ALS and other high-resolution spatial data—offer potentially significant methodological
advantages. These population-level datasets offer enhanced presampling stratification
opportunities that may mitigate several weaknesses of traditional sampling, including
the need for strict stand delineation and manual edge corrections [63]. Furthermore, the
existence of a population-level inventory would facilitate a more refined stratification,
leading to increased efficiencies and accuracies for regional-scale inferences [64–66]. The
inclusion of wall-to-wall spatial datasets within forestry offers a potential shift toward
more robust and scalable forest sampling, inventory, and monitoring systems [17,21,67,68].

5. Conclusions
Traditional sampling-based approaches in forest inventory, which rely on the system-

atic or stratified random sampling of field plots, have long served as the cornerstone for
estimating key forest attributes at the stand or landscape level. However, these methods are
not without limitations. This study demonstrates that while standard cruise specifications
such as BAF, BAF_DBH, and fixed-radius plots do not introduce systematic bias, the design
and implementation of plot placement and edge methods play a decisive role in both the
accuracy and precision of forest inventory estimates. Random plot placement produced the
most reliable confidence intervals compared to a population for TPA and BAA, though the
greater field cost limits this method’s operational feasibility. A double-grid design offered
a practical compromise, closely approximating the random sampling method results with
only modestly greater effort than a single grid, though a small negative bias remained
compared to the population. This research provides greater clarity around the influence of
edge methods and stand delineations, demonstrating that the choices made by practitioners
carry the most significant sources of error for BAA estimates (0.23 normalized bias for
incorrectly delineated stands and no bias when using only the walkthrough edge plot
method for the UIEF inventory). Taken together, the findings underscore the importance
of sampling design decisions beyond the choice of plot size or BAF particularly when
inventories are scaled across heterogeneous landscapes. The inclusion of wall-to-wall
spatial datasets within forestry offers a potential shift toward more robust and scalable
forest sampling, inventory, and monitoring systems [17,21,67,68].
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Abbreviations
The following abbreviations are used in this manuscript:

ALS Airborne laser scanning
BAA Basal area per acre
BAF Basal area factor
CI Confidence interval
CFI Continuous forest inventory
CHM Canopy height model
DEM Digital elevation model
FIA Forest inventory and analysis
LiDAR Light detection and ranging
PLLP Single-species plantation of Pinus taeda (Loblolly pine)
RMSE Root mean square error
TPA Trees per acre
VRP Variable radius plot
UIEF University of Idaho Experimental Forest

Appendix A
Appendix A.1. Parameters Controlling Measurement Error

The parameters controlling some potential measurement errors were included to
simulate realistic sources of errors during the field cruises.

Basal area factor (BAF) multiplier: To mimic a realistic cruise, the optimal BAF to achieve
a tally of 10 trees per plot is estimated for each stand. To determine this optimal BAF, a
single simulation is performed for each stand using the specification with the default BAF
to establish a baseline tally. Then, a grid search is conducted over a range of possible BAF
values, running simulations for each candidate value to estimate the average number of
tallied trees per plot. After that, a multiplier is applied to the optimal BAF to approximate
a cruiser systematically using a larger or smaller BAF.
DBH noise error: This is a magnitude of the noise added to the DBH measurements in
inches where 0.0 means no measurement errors, 2.0 means a random noise centered around
0 and with sigma equal to 2.0 inches is added to each measurement.
Height noise error: This is a scale of the normally distributed noise that is added to the
height measurements. 0.0 means that no errors will be added, while 0.01 means that for
every height measurement, the normally distributed error will be added with the sigma
equal to 1% of the height.
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Appendix A.2. Field VRP Specifications Used for the Simulations

The inverse of plot area is reported in imperial units (acre−1) to maintain consistency
with the standard field protocols and sampling design used in U.S. forestry practice, which
this study aims to replicate.

The simulations were conducted by varying one parameter at a time and holding
other parameters constant at their default values (see Table 1):

1. Variable DBH noise:

• Inverse of plot area, acre−1: 10;
• DBH Noise (Error), cm: 0.0, 1.25, 2.5, 3.75, 5.0, 6.25.

2. Variable height noise:

• Inverse of plot area, acre−1: 10;
• Height Noise (Error), m: 0.0, 0.5, 1.0, 1.5, 2.0, 2.5.

3. Variable BAF multipliers:

• Inverse of plot area, acre−1: 10;
• BAF DBH: 10;
• BAF multipliers: 0.5, 0.75, 1, 1.5, 2, 3.

4. Variable Fixed Sub-Plot Radius:

• Inverse of plot area, acre−1: 5, 7.5, 10, 12.5, 15, 17.5, 20, 22.5, 25, 27.5, 30.

5. Variable grid spacing (plot density):

• Grid Spacing, m: 70, 72.5, 75, 77.5, 80, 82.5, 85, 87.5, 90, 92.5, 95, 97.5.

6. Variable buffer with “shift inside” edge plot method:

• Method: “shift inside”;
• Buffer, m: 0, 2.5, 5, 7.5, 10, 12.5, 15, 17.5, 20, 22.5.

7. Variable buffer with “walkthrough” edge plot method:

• Method: “walkthrough”;
• Buffer, m: 0, 2.5, 5, 7.5, 10, 12.5, 15, 17.5, 20, 22.5, 25, 27.5, 30, 32.5.

8. Variable buffer with “drop” edge plot method:

• Method: “drop”;
• Buffer, m: 0, 2.5, 5, 7.5, 10, 12.5, 15, 17.5, 20, 22.5, 25.

The full list of simulations:

Table A1. Parameters used for the VRP cruise simulation.

Spec_ID Baf_Dbh Baf
Multiplier

Area
Inv_Acres

Grid
Spacings

Noise
Errors

Height_Noise
Errors Buffer Edge_Plot

Method

0 5 1 10 80 0 0 −20 walkthrough
1 5 1 10 80 0.5 0.5 −20 walkthrough
2 5 1 10 80 1 1 −20 walkthrough
3 5 1 10 80 1.5 1.5 −20 walkthrough
4 5 1 10 80 2 2 −20 walkthrough
5 5 1 10 80 2.5 2.5 −20 walkthrough
6 5 1 10 80 0 0 −20 walkthrough
7 5 1 10 80 0 0.5 −20 walkthrough
8 5 1 10 80 0 1 −20 walkthrough
9 5 1 10 80 0 1.5 −20 walkthrough
10 5 1 10 80 0 2 −20 walkthrough
11 5 1 10 80 0 2.5 −20 walkthrough
12 5 1 10 80 0 0 −20 walkthrough
13 5 1 10 80 0.5 0 −20 walkthrough
14 5 1 10 80 1 0 −20 walkthrough
15 5 1 10 80 1.5 0 −20 walkthrough
16 5 1 10 80 2 0 −20 walkthrough
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Table A1. Cont.

Spec_ID Baf_Dbh Baf
Multiplier

Area
Inv_Acres

Grid
Spacings

Noise
Errors

Height_Noise
Errors Buffer Edge_Plot

Method

17 5 1 10 80 2.5 0 −20 walkthrough
18 5 0.5 10 80 0 0 −20 walkthrough
19 5 0.75 10 80 0 0 −20 walkthrough
20 5 1 10 80 0 0 −20 walkthrough
21 5 1.2 10 80 0 0 −20 walkthrough
22 5 1.5 10 80 0 0 −20 walkthrough
23 5 2 10 80 0 0 −20 walkthrough
24 5 3 10 80 0 0 −20 walkthrough
25 5 1 5 80 0 0 −20 walkthrough
26 5 1 7.5 80 0 0 −20 walkthrough
27 5 1 10 80 0 0 −20 walkthrough
28 5 1 12.5 80 0 0 −20 walkthrough
29 5 1 15 80 0 0 −20 walkthrough
30 5 1 17.5 80 0 0 −20 walkthrough
31 5 1 20 80 0 0 −20 walkthrough
32 5 1 22.5 80 0 0 −20 walkthrough
33 5 1 25 80 0 0 −20 walkthrough
34 5 1 27.5 80 0 0 −20 walkthrough
35 5 1 30 80 0 0 −20 walkthrough
36 5 1 20 70 0 0 0 shiftinside
37 5 1 20 72.5 0 0 0 shiftinside
38 5 1 20 75 0 0 0 shiftinside
39 5 1 20 77.5 0 0 0 shiftinside
40 5 1 20 80 0 0 0 shiftinside
41 5 1 20 82.5 0 0 0 shiftinside
42 5 1 20 85 0 0 0 shiftinside
43 5 1 20 87.5 0 0 0 shiftinside
44 5 1 20 90 0 0 0 shiftinside
45 5 1 20 92.5 0 0 0 shiftinside
46 5 1 20 95 0 0 0 shiftinside
47 5 1 20 97.5 0 0 0 shiftinside
48 5 1 20 100 0 0 0 shiftinside
49 5 1 20 70 0 0 −20 walkthrough
50 5 1 20 72.5 0 0 −20 walkthrough
51 5 1 20 75 0 0 −20 walkthrough
52 5 1 20 77.5 0 0 −20 walkthrough
53 5 1 20 80 0 0 −20 walkthrough
54 5 1 20 82.5 0 0 −20 walkthrough
55 5 1 20 85 0 0 −20 walkthrough
56 5 1 20 87.5 0 0 −20 walkthrough
57 5 1 20 90 0 0 −20 walkthrough
58 5 1 20 92.5 0 0 −20 walkthrough
59 5 1 20 95 0 0 −20 walkthrough
60 5 1 20 97.5 0 0 −20 walkthrough
61 5 1 20 100 0 0 −20 walkthrough
62 5 1 20 80 0 0 −0 shiftinside
63 5 1 20 80 0 0 −2.5 shiftinside
64 5 1 20 80 0 0 −5 shiftinside
65 5 1 20 80 0 0 −7.5 shiftinside
66 5 1 20 80 0 0 −10 shiftinside
67 5 1 20 80 0 0 −12.5 shiftinside
68 5 1 20 80 0 0 −15 shiftinside
69 5 1 20 80 0 0 −17.5 shiftinside
70 5 1 20 80 0 0 −20 shiftinside
71 5 1 20 80 0 0 −22.5 shiftinside
72 5 1 20 80 0 0 −0 walkthrough
73 5 1 20 80 0 0 −2.5 walkthrough
74 5 1 20 80 0 0 −5 walkthrough
75 5 1 20 80 0 0 −7.5 walkthrough
76 5 1 20 80 0 0 −10 walkthrough
77 5 1 20 80 0 0 −12.5 walkthrough
78 5 1 20 80 0 0 −15 walkthrough
79 5 1 20 80 0 0 −17.5 walkthrough
80 5 1 20 80 0 0 −20 walkthrough
81 5 1 20 80 0 0 −22.5 walkthrough
82 5 1 20 80 0 0 −25 walkthrough
83 5 1 20 80 0 0 −27.5 walkthrough
84 5 1 20 80 0 0 −30 walkthrough
85 5 1 20 80 0 0 −32.5 walkthrough
86 5 1 20 80 0 0 −0 walkthrough
87 5 1 20 80 0 0 −2.5 walkthrough
88 5 1 20 80 0 0 −5 walkthrough
89 5 1 20 80 0 0 −7.5 walkthrough
90 5 1 20 80 0 0 −10 walkthrough
91 5 1 20 80 0 0 −12.5 walkthrough
92 5 1 20 80 0 0 −15 walkthrough
93 5 1 20 80 0 0 −17.5 walkthrough
94 5 1 20 80 0 0 −20 walkthrough
95 5 1 20 80 0 0 −22.5 walkthrough
96 5 1 20 80 0 0 −25 walkthrough
97 5 1 20 80 0 0 −27.5 walkthrough
98 5 1 20 80 0 0 −30 walkthrough
99 5 1 20 80 0 0 −32.5 walkthrough
100 5 1 20 80 0 0 −0 drop
101 5 1 20 80 0 0 −2.5 drop
102 5 1 20 80 0 0 −5 drop
103 5 1 20 80 0 0 −7.5 drop
104 5 1 20 80 0 0 −10 drop
105 5 1 20 80 0 0 −12.5 drop
106 5 1 20 80 0 0 −15 drop
107 5 1 20 80 0 0 −17.5 drop
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