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Designing plots for precise estimation of forest attributes in
landscapes and forests of varying heterogeneity
Andrew J. Lister and Laura P. Leites

Abstract: Models of relationships among forest inventory sampling efficiency and cluster plot configuration variables
inform decisions by inventory planners. However, relationships vary under different spatial heterogeneity scenarios. To
improve understanding of how spatial patterns of forests affect these relationships, we implemented a factorial experi-
ment by simulating forest pattern at both the landscape and stand scales. We sampled these simulated forests with a vari-
ety of cluster plot configurations, calculated coefficient of variation (CV) of trees per hectare for each replicate, and tested
the relationships among CV and the heterogeneity and cluster plot configuration factors within a linear mixed model
framework. Both landscape- and stand-scale pattern aggregation had a significant relationship with CV. Changing cluster
plot configuration factors did little to change the overall CV when using larger subplots but had some important effects
when using smaller subplots. These impacts were stronger in the more uniform landscapes. Results were opposite for
stand-scale heterogeneity; changing plot configuration in areas with aggregated patterns had a stronger impact than it did
in areas with more uniform patterns. Results of this study reveal the importance of accounting for spatial pattern at multi-
ple scales when making cluster configuration choices if the goal is statistical efficiency.

Key words: cluster plot design, forest inventory design optimization, forest inventory efficiency, forest pattern simulation,
forest sampling simulation.

Résumé : Les modèles qui relient l’efficacité d’échantillonnage de l’inventaire forestier et les variables de configuration des
grappes de parcelles éclairent les décisions des planificateurs d’inventaire. Cependant, ces relations varient en fonction
des différents scénarios d’hétérogénéité spatiale. Afin d’améliorer la compréhension de la façon dont les patrons spatiaux
des forêts influencent ces relations, nous avons mis en œuvre une expérience factorielle en simulant les patrons forestiers
aux échelles du paysage et du peuplement. Nous avons échantillonné ces forêts simulées avec une variété de configurations
de grappes de parcelles, calculé le coefficient de variation (CV) du nombre d’arbres à l’hectare pour chaque répétition, et
testé les relations entre le CV et les facteurs d’hétérogénéité spatiale et de configuration des grappes de parcelles, dans un
cadre de modèle linéaire mixte. Les patrons d’agrégation spatiale avaient une relation significative avec le CV, tant à
l’échelle du paysage que du peuplement. La modification des facteurs de configuration des grappes de parcelles n’a pas
changé le CV global lors de l’utilisation de sous-parcelles plus grandes, mais a eu des effets importants lors de l’utilisation
de sous-parcelles plus petites. Ces effets étaient plus importants dans les paysages plus uniformes. Les résultats étaient à
l’opposé pour l’hétérogénéité à l’échelle du peuplement; la modification de la configuration des parcelles dans les zones
avec des patrons agrégés a eu un impact plus marqué que dans les zones avec des patrons plus uniformes. Les résultats de
cette étude révèlent l’importance de tenir compte du patron spatial à plusieurs échelles lors des choix de configuration des
grappes si l’objectif est l’efficacité statistique. [Traduit par la Rédaction]

Mots-clés : configuration des grappes de parcelles, optimisation de la conception de l’inventaire forestier, efficacité de
l’inventaire forestier, simulation de patrons forestiers, simulation d’échantillonnage forestier.

Introduction
The impacts of the spatial distribution of forest resources on the

efficiency of forestmonitoring systems vary with the scale of analy-
sis and with the attribute of interest. Spatial variation exists at
both the landscape (Heilman et al. 2002; Haddad et al. 2015) and
local (Stoyan and Penttinen 2000) scales and is due to a combina-
tion of human and natural biotic and abiotic influences. This wide
range of variability at multiple scales presents a challenge to plan-
ners seeking efficient forest monitoring system designs, particu-
larly as developing countries create forest monitoring systems
that meet requirements for participation in degradation and

deforestation reduction incentive programs like the United Nations’
Reducing Emissions from Deforestation and Forest Degradation
(REDD) program (UNFCCC 2016).
Monitoring can generally be mademore efficient by sampling as

opposed to exhaustive measurement of the resource of interest.
Sampling design is the most consequential decision with regard to
efficiency, as it involves decisions related to field plot design, infer-
ential paradigm, form of the estimator, number of plots, sample
unit selection process, and data collection protocols (Thompson
2012, p. 2). An important design decision is whether to incorporate
auxiliary information in the form of remote sensing data. For
example, remote sensing imagery can help in planning and other
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logistical aspects of the inventory, or it can be used in estimation
and inference, such as in the case of model-assisted ormodel-based
inference. Traditional design-based inference is based on probabil-
istic sample unit selection and the distribution of all possible esti-
mates obtainable using a given sampling protocol; remote sensing
data can be used to “assist” inference in this case by providing
input to a model that describes the population while still relying
upon the probabilistic nature of the sampling design tomake infer-
ences. Using remote sensing data in a model-based paradigm, on
the other hand, entails reliance on a model for inference about
population parameters (Gregoire 1998; McRoberts 2010). In the con-
text of this study, we are using a finite population sampling para-
digm and employ design-based inference without the use of
auxiliary data. This is commonly done in many large area forest
inventories around the world, assuming that the use of stratifica-
tion is not considered amodel-assisted technique.
One approach to forest inventory design is to seek the best pre-

cision for a fixed number of plots, i.e., to reduce the variance of
the estimate of a mean or total, which is often referred to as sam-
pling error or relative standard error (Thompson 2012). Coeffi-
cient of variation (CV), which is a component of sampling error,
is a commonly used index of the variability of a sample. Plot con-
figuration (hereafter, plot design) has direct influence on the CV
of an attribute by affecting the average deviation between each
plot value and the mean plot value; if a plot is configured such
that each plot is a microcosm of the population as a whole, the
average deviation will be small, CV will be small, and precision
will be improved for a fixed number of plots. It is also common to
design a forest inventory such that estimates will meet an allow-
able error (AE) criterion, such as a sampling error of 10% of the
estimate at the 95% confidence level (IPCC 2006). Plot design thus
has an indirect effect on required sample size needed to achieve
AE through its effects on CV (eq. 1):

ð1Þ nreq ¼ CV% � t
AE%

� �2

where nreq is the required sample size to achieve a specified AE%
given a known or hypothesized CV% of the attribute of interest,
and t is the Student’s t value associated with the desired confi-
dence level (Loetsch and Haller 1973).
Plot design factors that can be altered to adjust CV include size

and shape for single subplot designs, as well as count and separa-
tion distance for multiple subplot or cluster designs. In cluster
designs, primary units (sampling units, often referred to simply
as plots) are composed of more than one secondary unit (mea-
surement units, often simply referred to as subplots) distributed
in a defined pattern such as a line, cross, or L-shape. For a fixed
number of plots, separation of subplots in space leads to plot-
level estimates that more closely resemble the sample mean by
avoiding redundant sampling effort in neighbouring patches of
land with similar conditions.
In general, plots acquire a large amount of new information over

short distances as plot area increases, leading to sharp improve-
ments in precision. As plot area increases beyond a certain thresh-
old, however, there are diminishing improvements with added
area because each plot’s status comes to resemble that of the sam-
ple mean; this phenomenon is depicted conceptually in Supple-
mentary Material S11. Smith (1938) was among the first to identify
this negative exponential relationship between plot area and var-
iance, and since then, it has been explored in a forestry context
by several authors, as reviewed by Lynch (2017). For a given plot
design, the magnitude of the absolute value of the exponent
depicted in Supplementary Material S11 varies by spatial pattern

scenario; Lynch (2017) reports values in the literature ranging
between approximately –0.1 (for aggregated patterns or those with
a spatial trend, e.g., Reich and Arvanitis (1992)) to approximately –1
(for a completely random pattern, per the discussion in Zeide
(1980)). Each plot design factor affects precision in a similar man-
ner, but the interactions among these, landscape- and local-level
heterogeneity, and inventory precision are difficult to predict
without a systematically planned analysis approach like a designed
experiment.
There is thus a lack of clear guidelines for how the interaction of

multiple levels of heterogeneity affect cluster plot design decisions;
this can lead to decisionswith costly repercussions. For example, the
United Nations Food and Agriculture Organization at one time sug-
gested cluster plot designs with four 0.5 ha subplots separated by
500m in a square configuration (Branthomme 2004). Some national
forest inventories employ much smaller clusters, like that of the
United States, which uses four 0.17 ha subplots, separated by 37 m
and arranged in a triangular pattern (Bechtold et al. 2005). Other
inventories, like those for nonforest trees that occur in sparse
clumps, are conducted with larger subplots or with linear transects
and line intercept sampling (Kleinn et al. 2001). With such a broad
range of plot design choices, it is critical that there exist conceptual
and empirical models that provide heuristics to help guide inven-
tory planners with plot design and configuration decisions. With an
improved understanding of which design variables are important,
and how their importance responds to different spatial heterogene-
ity scenarios, inventory designers can improve decisions.
Many studies select plot designs using information from stem-

mapped stands that are purposively chosen and deliberately re-
stricted to forested areas (e.g., Schreuder et al. 1987; Picard et al.
2018). Others have chosen to extract subsets of trees using different
plot designs from existing forested inventory plots (Lynch 2003;
Picard et al. 2004; Yim et al. 2015). Still others have used models to
create artificial forests and then simulated point or other types of
sampling (Arvanitis and O’Regan 1967; Mackisack and Wood 1990;
Brink and Schreuder 1992; Hou et al. 2015; Gove 2017). None, to our
knowledge, have used a designed experiment tomodel how effects
of different scales of heterogeneity interact with each other and
with several plot design factors to reduce variance of forest inven-
tory estimates. Understanding these interactions is critical when
achieving an AE is the goal, or when paired with cost estimates.
However, there is often a lack ofmeaningful cost data to guide deci-
sions due to uncertainties about field or other logistics. In such
cases, having knowledge of the relationships among design factors,
the population’s spatial structure, and nreq is valuable. It helps
planners identify which plot design components are most impact-
ful and suggests ranges of values for plot design variables.
We conducted a factorial simulation experiment to investigate the

precision impacts of these interactions. We tested the impacts of dif-
ferent cluster plot designs on inventory efficiency under a variety of
simulated forest heterogeneity scenarios. The main goals of this
study were to uncover and interpret the effects of different types and
scales of heterogeneity on the relationship between variance and
plot design choices, and to provide a conceptual and experimental
framework for investigating inventory plot design optimization.

Methods

Simulation experiment
A repeated measures factorial simulation experiment with

multiple crossed factors (Oehlert 2000, p. 438) was conducted to
model the CV of forest tree density as a function of two spatial pat-
tern factors and three cluster plot design factors. Each of the two spa-
tial pattern factors, representing landscape- (L) and stand- (S) scale
heterogeneity, had three levels (Fig. 1):

1Supplementary data are available with the article at https://doi.org/10.1139/cjfr-2020-0508.
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L1: highly dispersed patterns of forest patches with many small,
isolated fragments
L2: intermediate levels of aggregation
L3: highly aggregated patterns, with large, continuous patches
S1: highly dispersed (uniformly distributed) pattern of tree

locations
S2: completely random pattern
S3: highly aggregated pattern of tree locations, with trees occur-

ring in clumps

The concepts of aggregation, dispersion, and randomness of
patterns are dependent upon the scale of analysis and the defini-
tions of patch. For the purposes of this study, patches are defined
as geographic areas that are internally homogeneous and possess
clear boundaries. In the context of landscapes, aggregation is
thus defined as a patch configuration in which patch sizes are
large and edge density is small, whereas dispersion is defined as
one with smaller patch sizes and larger edge densities (Fig. 1). In
the context of point patterns such as the spatial distribution of
trees, patch boundaries are much harder to define. We therefore
draw on definitions of dispersion and aggregation from the field
of point process statistics (Baddeley et al. 2015), in which the pat-
terns are characterized as having distributions of interpoint dis-
tances that reflect spatial grouping, randomness, or uniformity.
For each of the nine factor level combinations, 30 replicates

were generated via simulation for a total of 270 replicates (proce-
dure described in the section on simulation details and Fig. 1,
below).
Each of the 270 replicate heterogeneity scenarios was sampled

once at 49 plot locations with a cluster plot design, consisting of
a linear array of square subplots aligned north to south (Fig. 1).
Each cluster plot design was drawn from a set of designs consist-
ing of every combination of the following factors:

Distance between subplots (d): 10, 25, or 50 m subplot separa-
tion (measured between subplot edges)

Number of subplots (m): 2, 3, 4, or 5 subplots per plot
Subplot area (a): 0.01 or 0.2 ha subplot area.

In other words, each member of a set of 3(d) � 4(m) � 2(a) = 24
cluster plot designs was used to sample each of the 270 replicates
at the 49 plot locations, as shown conceptually in Fig. 1. This pro-
cess required repeated measurements, as the 49 plot locations
were always the same on each replicate; the only thing that
changed was the plot design. The sampling intensity within each
replicate was approximately 214 ha per plot, which is within a
range of intensities employed by many countries’ national forest
inventories (Lawrence et al. 2009, p. 41).
The variable recorded for each of the 30 � 3(L) � 3(S) � 3(d) �

4(m) � 2(a) = 6480 observations was CV of forest trees per hectare
(hereafter, N), calculated from the 49 plot-level values and using
simple random sampling estimators. Cluster plots were treated
as a single stage design (Thompson 2012). Our population includes
both forest and nonforest areas, which is the same paradigmused by
many large area forest inventories, like that of the United States
(Bechtold et al. 2005). This implies that all plots are considered to be
100% in the population and accessible, including plots falling par-
tially or completely outside forest patches. CV was chosen as the de-
pendent variable in the model because it is needed to estimate the
required sample sizes to achieve allowable error (nreq, eq. 1), and is of-
ten used to help guide forest inventory design decisions. A summary
of this experiment is as follows:

1. Simulate 270 replicates of the forested heterogeneity scenar-
ios (9 L–S combinations� 30 replicates each, Fig. 1a).

2. Overlay a 7� 7 grid of plot locations on each replicate.
3. Sample each of the 270 replicates at the plot locations from

step 2 using each of the 24 plot designs, recording CV of N for
each case (Fig. 1b), leading to 6480 observations of CV.

4. Build and interpret a linear model of CV as a function of L, S,
d,m, and a.

Fig. 1. Conceptual model depicting factorial experimental design. (a) Thirty replicates for each of three levels of landscape-scale (L)
heterogeneity were simulated for each of three levels of stand-scale (S) heterogeneity. (b) At each plot located on a 7�7 grid superimposed
on each landscape, stand-scale patterns were simulated for each level of S. Candidate cluster plot designs were superimposed over each
plot location for each replicate, and TPH was calculated per plot. Coefficients of variation (CVs) from the 49 plots were calculated for each
combination of candidate plot design and replicate. [Colour online.]
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Simulation procedure

Simulation of L
To create a heterogeneity gradient from simulated landscapes,

we used the multifractal map generation feature of the qRule
landscape analysis software (Gardner 1999, 2017). We created
square maps (10 m pixels, 10.24 km sides, 105 km2) with 50% cov-
erage of each of two landcover classes: forest and nonforest. The
software generates realistic maps using a fractal algorithm that
produces randomized, spatially correlated patterns of land cover,
with the option of controlling the level of aggregation. This
allows for the creation of each level of L described above and in
Fig. 1. We calibrated this algorithm such that the three levels of
aggregation corresponded to a gradient of approximate forest
edge densities of 432.5 m·ha–1 for L1, 55.0 m·ha–1 for L2, and
11.2 m·ha–1 for L3. Forest edge density is defined as the length of
the interface between forest and nonforest pixels, divided by the
area of the map. For reference, the maximum possible edge density
(an alternating forest–nonforest checkerboard pattern of pixels)
would be approximately 2000 m·ha–1, and the smallest possible
edge density (the perimeter of a square patch of forest that is sur-
rounded by nonforest and occupies half the landscape area) would
be approximately 3 m·ha–1. We chose the simulation method and
parameters to cover a diverse range of landscape patterns such as
those found in northeastern United States temperate forests frag-
mented by different levels of urbanization and agriculture (e.g., L2
and L3), and those found in agricultural ecosystems like those in Cen-
tral America with sparse tree clusters of different sizes within natu-
ral grasslands (L1); we provide analysis results and examples and
code for calculating edge density and forest proportion from exist-
ingmaps (Supplementary Material S21). For each level of L, 90maps
(replicates) were simulated, 30 per level of S. The raster (Hijmans
2019) and spatstat (Baddeley and Turner 2005) R packages were
used to convert the qRule output files to raster objects.

Simulation of S
For the simulations of tree patterns, an N of 388 trees·ha–1 was

chosen. This is the average tree density of live trees ≥12.7 cm di-
ameter at breast height on forest land for Pennsylvania, accord-
ing to the USDA Forest Service’s Forest Inventory and Analysis
(FIA) database (USDA 2020). We considered other commonly
reported inventory attributes to use for our study, including ba-
sal area per hectare (G) and volume per hectare (V). N was chosen
because, in Pennsylvania, the variance of its estimate for trees
greater than 12.7 cm diameter at breast height tends to be slightly
larger than that for G but slightly smaller than that for V (USDA
2020). In addition, N is a co-equal component of stocking calcula-
tions with G, and has been considered what is arguably one of the
fundamental inventory attributes that FIA produces (Zarnoch
and Bechtold 2000). Finally, simulating patterns of N is possible
using standard point process models that reflect naturally occur-
ring patterns, while simulating G and V adds complexity by
requiring hierarchical models or other techniques that incorpo-
rate the effects of tree size in pattern formation.
To create a heterogeneity gradient from tree spatial patterns at

the stand-scale, spatial point process models were used to simu-
late the three types of S pattern types described above at each
plot location using the spatstat R package. Spatial point pattern
modelling can be used to bothmodel existing spatial point patterns,
and to simulate them, so as to create spatial patterns that might
occur in nature (Lister and Leites 2018); Stoyan and Penttinen (2000)
describe how various ecological conditions can lead to regular, ran-
dom, or dispersed patterns of trees. To create the highly dispersed
pattern (S1), a simple sequential inhibition pattern generator (rssi)
with a 4 m inhibition distance and the requisite number of points
to achieve the target Nwas implemented. rssi works by sequentially
adding points to the analysis window and rejecting points that
fall within the inhibition distance (Baddeley et al. 2015). For the

intermediate level of aggregation (S2), a homogeneous Poisson pro-
cess pattern generator (rpoispp) was usedwith the targetN to create
a completely random spatial pattern. rpoispp works by applying a
uniform Poisson process within the analysis window to generate
complete spatial randomness of points (Baddeley et al. 2015). To cre-
ate the aggregated spatial pattern (S3), a Thomas cluster process gen-
erator (rThomas) was used with a scale parameter of three, a mean
number of points per cluster of 10, and the requisite N for cluster
centers. rThomas works by first generating a uniform Poisson pro-
cess of initial (parent) points, which are next replaced by clusters of
child points that are also generated by a Poisson process, and ran-
domly offset from the parent point location (Baddeley et al. 2015).
For each level of S, 90 realizations (replicates) were generated,
30 per level of L. For each of the 49 plots in each of the L–S replicates,
simulations were performed in a rectangular, 144.7 m � 523.6 m
window surrounding each plot center. This window size, which rep-
resents a 50 m buffer around the largest candidate cluster plot
design’s footprint, was chosen to minimize artefacts in the point
pattern simulation process that would occur from restricting the
simulation to the plot boundaries.

Cluster plot design creation
At each cluster plot location, clusters of different d–m–a config-

urations at each of 49 locations were superimposed over the
simulated L–S combinations, as shown in Fig. 1b, using the spat-
stat, raster (Hijmans 2019), and sp (Pebesma and Bivand 2005)
packages. Candidate cluster plot designs were located one at a
time, and N for that cluster plot recorded. Computer code for the
R statistical software (R Core Team 2018) for simulating cluster
plot designs, landscapes, and stand spatial patterns is provided
in Supplementary Material S31.

Analysis
To gain insights into how the CV is affected by the different

combinations of levels of the variables associated with subplot
configuration (d,m, and a) and landscape type (L and S), we used a
mixed effects analysis of variance (ANOVA). This allowed for the
testing of main effects and interactions among the variables of
interest. In this factorial design, each realization of the simulated
landscape and stand pattern combination is a replicate upon
which a systematic sample of 49 cluster plots of different design
was superimposed to calculate the CV. This required accounting
for repeated measures within the factorial design. In addition,
the CV was log transformed to minimize heteroskedasticity of
residuals. Themodel form is

ð2Þ logCVijkpqr ¼ m þ Li � Sj �mp � dq � ar þ g kðijÞ þ d pkðijÞ
þ d qkðijÞ þ d rkðijÞ þ «pqrkðijÞ�Nð0;s2Þ

where logCV is the natural log of the coefficient of variation of
the estimated N of the kth replicate, for the ith and jth levels of L
and S, respectively, and for the pth, qth, and rth level of the plot
design variables m, d, and a respectively; m is the overall mean;
g is the replicate random effect with k = 1 to 30 replicates; L is the
landscape heterogeneity class with i = 1 to 3 levels; S is the stand
heterogeneity class with j = 1 to 3 levels; m is the number of sub-
plots with p = 1 to 4 levels; d is the distance between subplots
with q = 1 to 3 levels; a is the subplot area with r = 1 to 2 levels;
d p(k), d q(k), and d r(k) are random effects accounting for repeated
measures for m, d, and a, respectively; and «pqrk(ij) is the model
error term. The syntax convention we use in eq. 2 was chosen to
be consistent with that used elsewhere in the paper, thus param-
eter names and variable names correspond. After the full model
was fit, model terms were evaluated with F tests, and those that
were not significant at a = 0.05 were removed and the model was
fit again. A log-likelihood test was performed and results were
found to be nonsignificant (p > 0.05), suggesting that the reduction
of model terms was appropriate (West et al. 2014, p. 220). Version

1572 Can. J. For. Res. Vol. 51, 2021

Published by Canadian Science Publishing



1.1-23 of the lme4 package of version 3.5.1 of the R statistical soft-
ware (Bates et al. 2015; R Core Team 2018) was used tofit themodel.

Results
Model results, which take into account the repeated measures

design of the experiment and thus allow us to make valid infer-
ences about interactions among design and heterogeneity fac-
tors, indicate that heterogeneity type and plot design factors all
significantly (F test, p < 0.05) affect precision and that many of
them interact in different ways (Table 1). In the following sections

we present a summary of the effect of eachmain factor by averag-
ing across the other factors’ levels, and highlight the important
interactions found.

Landscape- (L) and stand-level (S) heterogeneity effects on
precision
Both landscape- and stand-level heterogeneity had similar

effects on precision, with more dispersed patterns (L1 and S1) hav-
ing a smaller average CV. The landscape pattern with highly dis-
persed small patches (L1) had a mean CV of 0.77, which is 26% and
28% smaller than those of the more aggregated patches, L2 and
L3, respectively (Fig. 2). Within S, the more dispersed stand pat-
tern (S1) had the smallest mean CV, which was 4% and 18% smaller
than those for S2 and S3, respectively (Fig. 2).
Due to the fact that CV is averaged across all levels of the plot

design variables, the range of CV variability for each level of S and L
is an indicator of the importance that plot design choices can have
on CV. At the landscape scale, the CV variability (interquartile
range and range) is largest in the more dispersed pattern level (L1),
and, at the stand scale, largest at the more aggregated level (S3,
Fig. 2). At the stand scale, the differences in CV variability are
greater across levels than at the landscape scale; the range of S3 is
90% and 78% larger than those of S1 and S2, respectively. CV vari-
ability across levels of Lwere all similar (Fig. 2).

Plot design effects on precision
Of the three plot design variables, subplot area had the greatest

impact on CV. When subplot area was large, the CV was on aver-
age smaller, with the mean CV for a = 0.01 equal to 1.06 and that
for a = 0.2 equal to 0.87 (Fig. 3). In addition, the variability of the
CV for the larger subplot was the smallest acrossmost landscape and
standheterogeneity levels, indicating that the two other design varia-
bles,m and d, are less influential when subplot area is large. The larg-
est influence of subplot size on the mean CV and variability is in S3,
the more clustered tree pattern. In contrast, the effect of subplot
size is smaller across levels of landscape aggregation, although dif-
ferences generated by subplot size became smaller from L1 (aggre-
gated) to L3 (dispersed) (Fig. 3).

Fig. 2. Boxplot of the coefficient of variation (CV) values for each landscape (L1, L2, L3) and stand (S1, S2, S3) heterogeneity type. Shaded
boxes are interquartile ranges, dark lines are medians, small circles are means, and dashed lines are the range of values for each level.
n = 2160 for each level. [Colour online.]

Table 1. Parameters, F statistic, and p values
associated with the final model from eq. 2.

Parameter F value p value

(Intercept) 66 873.41 <0.0001
a 26 166.63 <0.0001
a�S 5919.29 <0.0001
m 1554.22 <0.0001
a�L 1099.09 <0.0001
L 862.79 <0.0001
d 331.13 <0.0001
a�m 189.4 <0.0001
a�m�S 144.34 <0.0001
m�S 132.34 <0.0001
m�L 124.42 <0.0001
S 118.66 <0.0001
d�L 45.21 <0.0001
a�d 27.9 <0.0001
a�d�L 14.4 <0.0001
a�L�S 14.27 <0.0001
a�m�L 5.99 <0.0001
a�d�S 2.95 0.0189
m�d 2.34 0.0293
d�S 1.11 0.3497
L�S 0.42 0.7976

Note: L, landscape type; S, stand type; a, subplot
area; m, number of subplots; d, distance between
subplots.
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Distance between subplots (d) was the least impactful design
variable (Fig. 4). What impact it did have generally decreased as
landscapes became more aggregated (L1–L3) and subplots became
large (a0.01–a0.2). It was most important in reducing the CV when
plot area a was small (0.01 ha) and landscape pattern was highly
dispersed and composed of smaller patches (L1). In that case,
increasing d from 10 to 50 m decreased the CV by over 7% when
averaged across levels of S and m. Otherwise, impacts of increas-
ing d had much less or no practical impact on CV compared with
changes in the other design factors (Fig. 4).
Number of subplots (m) affected precision by reducing the CV

as the number of subplots, and thus total plot size (m � a),
increased (Fig. 4). However, the reduction in CV from increasing
the number of subplots was more important when subplot area
was small and stands had more clustered patterns (Fig. 4). When
the subplot area was larger (0.2 ha), the reduction in CV as m
increased was of less magnitude and decreased with increasing
landscape aggregation from L1–L3.

Effects of plot design variables by heterogeneity type on
required sample size
Calculating the nreq using an AE of 10% and a confidence level

of 95% (eq. 1), we present, for each plot design variable, the per-
centage reduction in nreq when increasing the factor level from
the lowest to the largest values while averaging across levels of
the remaining variables (Fig. 5). Magnitudes of reductions in nreq

are largest for themost clustered stand patterns (S3) and themost
dispersed landscape patterns (L1), highlighting the importance of
plot design choices in those situations. In contrast, smallest reduc-
tions were observed for the most uniform stand tree patterns (S1)
and the aggregated landscape patterns (L3). Across heterogeneity
scales and levels, the plot design variable that contributed to the
greatest reductions on nreq was total plot size (m � a) and the least
was distance between subplots (d).

Discussion
In this study, we use simulation and a repeated measures facto-

rial experiment to disentangle interactions between variability
of an important forest inventory attribute (N), spatial pattern
type and scale, and plot design factors. The factor levels of the dif-
ferent plot design variables had important impacts on reductions
in the number of sample plots required to achieve AE (Fig. 5).
However, these impacts were largely dependent on the landscape
L and stand S heterogeneity levels, indicating that the pattern
and scale of spatial variability need to be considered when
designing plots.
The effects of landscape- and stand-scale heterogeneity on the

relationship between plot design and CV are due to the interac-
tion of plot geometry with spatial patterns of tree density. Plots
in landscapes with a larger forest edge density (L1) are more likely
to cross forest patch boundaries and thus contain a mixture of
forest and nonforest closer to the average value of the landscape.

Fig. 3. Boxplot representing distribution of coefficient of variation (CV) values for each combination of subplot area (a), landscape type
(L1, L2, L3), and stand type (S1, S2, S3). Shaded boxes are interquartile ranges, dark lines are medians, small circles are means, and dashed
lines are the range of values for each level. [Colour online.]
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This leads to CVs smaller than those obtained from plots located
in aggregated landscape patterns (L3), where it is more likely that
plots fall entirely either in nonforest areas or forest patches. In
L3, augmenting either plot area or separation distance therefore
does not lead to the acquisition of as much new information as it
does in L1. This becomes intuitively clear upon inspection of exam-
ples of the landscapemapswe used in our experiment (Fig. 1).
This situation is reversed for levels of stand-scale aggregation.

In stands with aggregated patterns (S3), plots are more likely to
partially fall in either open areas or tree clumps than plots in
more uniform stands (S1 or S2). Augmenting plot dimensions or
subplot separation in this case has large impacts on CV reduction
compared with S1 or S2, where changes in size or subplot spacing
will not lead to the plot acquiring new information. This becomes
apparent upon inspection of examples of the stand maps shown
in Fig. 1; in S1 and S2, tree density is homogeneous at a scale
smaller than the dimensions of the subplot. Therefore, there are
two spatial pattern-driven mechanisms affecting CV–plot design
relationships: one at the landscape scale, where forest patch ho-
mogeneity leads to more important plot design effects, and one
at the stand scale, where tree pattern aggregation leads to more
important effects. We thus conclude that in scenarios like L1 and
S3, where increasing the area or subplot spacing of plots is more
likely to capture new information, plot design choices have more

impact compared with landscapes like L3 or S1, where the spatial
configuration is such that changing plot design parameters
within the range we tested is unlikely to dramatically increase
the information content of each plot.
Subplot area (a) was the most important single plot design fac-

tor (Figs. 4 and 5). When averaged across levels of all other fac-
tors, the mean CV dropped from 1.06 to 0.87 with larger subplots,
which is an 18% decrease. Subplot area also moderates the effects
of the other plot design variables, reducing their impacts on CV
when the area is larger (Fig. 4). For example, when subplots are
small, the increase in m leads to a substantial decrease in CV,
while when subplots are large, there is a weaker reduction in CV
as m increases. This was expected, as this aligns with the well-
known negative exponential relationship between plot area and
relative variance (Smith 1938; Lynch 2017). Our study shows how
that relationship changes across a gradient of different types of
heterogeneity, becoming more pronounced as stands become
more aggregated and less pronounced as landscapes become
more aggregated.
Kleinn (1996) found that from a statistical standpoint, subplot

separation was a critical factor affecting precision when holding
subplot count and area constant; this was due to plots with more
internal separation, such as those with subplots configured in a
line or L-shape, having smaller intra-cluster correlation. In our

Fig. 4. Interaction plots showing the relationship between mean coefficient of variation (CV) and different levels of the factors used in
the simulation (a, subplot area; d, subplot edge separation distance; m, number of subplots; L, landscape type; S, stand type). [Colour online.]
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study, however, subplot separation distance (d) had a relatively
small impact on CV and nreq in our experiment compared with
the other factors (Figs. 4 and 5). The largest impact of d appears
for the L1 landscape type (across all levels of S), due to the rela-
tionship between patch edge density and the set of separation
distances we used; L1 had a much larger edge density than L2 and
L3. Larger separation distances might have had larger impacts,
but these become impractical in the field when using cluster plot
designs, and the distances we chose are similar to those employed
by other well-established forest inventories like that of the United
States (Bechtold et al. 2005). Subplot separation distance d had a
larger effect on CV for smaller subplots than for larger subplots,
likely because increasing a incorporates so much new informa-
tion on each plot that the information accrued by increasing d
becomes relatively less important.
There are a few practical points to consider. First, although there

is a tendency among forest inventory designers and ecologists to
prefer larger plots, our results clearly suggest that there is great
potential value in choosing subplot area and count based on simu-
lation experiments or pilot studies. For example, Tomppo et al.
(2014) used a simulation study that took into account the naturally
occurring spatial patterns of existing vegetation maps to find opti-
mal sample and plot design; they repeatedly superimposed cluster
plots with different subplot configurations on existing maps in
their study area (as opposed to our approach, which involved sim-
ulation of a gradient of landscape-scale patterns with known char-
acteristics). Our approach (and our code in the Supplementary
Material S2 and S31) can easily be adapted to use samples of exist-
ing remote sensing-based maps that reflect the patterns in the
population under study.
Second, our results suggest that investments in increasing sub-

plot separation distance do not in general have a big impact rela-
tive to changing other factors. This supports design choices made
by countries that use square, triangular, cross, or L-shaped subplot
configurations in their NFIs (Tomppo et al. 2010); there are logisti-
cal advantages that can be gained by compact designs in terms of
smaller walking distances required to visit all subplots and return
to a starting point. However, if using small subplots in landscapes
with a large edge density (such as L1), subplot separation can
lead to meaningful gains in precision by allowing the plot to
accumulate new information about the landscape by avoiding

redundant measurements in patches exhibiting autocorrelation.
For the same number of subplots, linear arrays allow for the maxi-
mum subplot separation.
Finally, it must be noted that logistical or cost considerations

associated with a particular design are often very important
when making design decisions. For example, integration with
remote sensing might be a critical design component if the goal
is calibration or validation of map products, or if the data are to
be used with some of the more complex designs that benefit
from a high degree of spatial alignment between plots and imagery
pixels (Næsset et al. 2015); in this case, additional decisions sur-
rounding inferential paradigm and treatment of errors induced by
spatialmismatch between subplots and pixels need to be considered.
A second important logistical consideration is the balance

between field work costs and those for transportation between
plots; when these are considered, relationships between design
variables and efficiency will differ (Zeide 1980; Lynch 2017), and
efforts should be made to attach cost data to each plot design and
model inventory cost as a function of the design and heterogene-
ity variables, using the same basic methods as those described
herein. In the absence of reliable cost information, however, the
principles derived from our research will be helpful when mak-
ing design choices aimed at efficiently achieving a fixed AE.
The conclusions from this study would be difficult to predict

without simulation experiments to test plot design options. We
chose to use a landscape simulation algorithm that produces
landcover patterns that resemble those found on actual land-
scapes, yet can be parameterized to reflect a heterogeneity gradi-
ent (Supplementary Material S21; Gardner 1999, 2017). For stand
patterns, modelling and stochastic simulation using point pro-
cess theory allows for the creation of patterns that reflect pro-
cesses that occur in nature. For example, Lister and Leites (2018)
developed a hierarchical point process modelling framework that
allows for simulation of realistic patterns of trees that reflect the
outcomes of factors like competition and topographic influences.
If point process models and landscape maps are calibrated using
data from pilot studies within the population of interest, multiple
inventory design scenarios can be tested before investing in a spe-
cific design. Furthermore, Stoyan and Penttinen (2000) provide a
review of pattern types that are associated with various types
of forest ecosystem conditions, and these heuristics could aid

Fig. 5. Percent reduction of required sample size for each plot design variable and heterogeneity type when factor levels increase from
lowest to highest and values are averaged across levels of remaining factors. Legend entry indicates how reduction was calculated. Required
sample sizes were calculated using eq. 1, with an allowable area (AE) of 10% and a conservative t value of 2.0 for a 95% confidence level, for each
heterogeneity type and plot design variable. Error bars represent one standard deviation. [Colour online.]
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practitioners in the selection of tree pattern parameters in new
study areas.We have provided R code for plot design and landscape
and stand spatial pattern simulation and for subsetting of existing
landscape maps (Supplementary Material S2 and S31) so that in
future work, different plot designs (such as those incorporating
remote sensing) and spatial pattern scenarios can be constructed to
meet individual needs.

Conclusions
Plot design variables have the largest impact on increasing preci-

sion of the estimate when the attribute has a dispersed pattern at
the landscape level (L1) and a clustered pattern at the stand level
(S3). In these situations, investments in experiments to optimize
plot design become highly relevant. If choosing to work with small
subplots, then number of subplots and separation distance become
more relevant than when considering larger subplots. Large land-
scape pattern aggregation level leads to a larger CV, regardless of
stand pattern heterogeneity and with little effect of plot design
variables in changing the overall CV values. In the same way, dis-
persed patterns at the stand level lead to smaller CVs, and plot
design variable choices are of less relevance.
It is difficult to predict the effects of forest heterogeneity on

the precision outcomes of different forest inventory plot designs
without either using guidelines derived from previous experi-
ence and general principles or using a modelling framework that
allows for testing hypotheses about the effects of different heter-
ogeneity scenarios on precision. The current study provides both.
We have created a simulation framework for creating forest and
landscape patterns with different spatial configurations of forest
trees at both landscape and stand scales, and we have identified
general principles that can be used to guide design choices.
When inventory planners confront areas with varying landscape
and tree spatial patterns, results from our study will provide heu-
ristics that will help choose from among the wide range of plot
design choices, identify which variables to focus on, and gain
insight into how spatial pattern changes at two scales can affect
design choices. Our goal was to provide monitoring system
designers with principles and tools with which to designmore ef-
ficient inventories.
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