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National forest inventories report estimates of parameters related to forest area and growing stock volume
for geographic areas ranging in size from municipalities to entire countries. Landsat imagery has been
shown to be a source of auxiliary information that can be used with stratified estimation to increase the pre-
cision of estimates, although the increase is greater for estimates of forest area than for estimates of growing
stock volume. The objective of the study was to assess the utility of lidar-based stratifications for increasing
the precision of mean proportion forest area and mean growing stock volume per unit area. Stratifications
based on nonlinear logistic regression model predictions of volume obtained from lidar data reduced vari-
ances of mean growing stock volume estimates by factors as great as 3.2 and variances of mean proportion
forest area estimates by factors as great as 1.5.

Published by Elsevier Inc.

1. Introduction

National forest inventories (NFI) report estimates of parameters
related to forest area and growing stock volume for geographic areas
such as counties, states, and provinces based on data collected from
arrays of field plots. Because of budgetary constraints and natural vari-
ability among plots, sufficient numbers of plots frequently cannot be
measured to satisfy precision guidelines for the estimates of some pa-
rameters unless the estimation process is enhanced using auxiliary
information. Remotely sensed data has been shown to be a source of
auxiliary information that can be used with stratified estimation to in-
crease the precision of estimates.

1.1. Stratified estimation

Stratified estimation is a statistical technique that can be used to
increase the precision of estimates without increasing sample sizes.
The essence of stratified estimation is to aggregate observations of the
response variable into groups or strata that are more homogeneous
than the population as a whole. The population mean and its variance
are estimated as weighted means of within-strata means and variances
where the weights are based on strata sizes.

If the stratification is accomplished prior to sampling and the
within-stratum variances are known or can be easily estimated, then
greater precision may be achieved by selecting within-strata sampling
intensities to be proportional to within-strata variances (Cochran,
1977). However, NFIs often use permanent plots whose locations are
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based on systematic grids or tessellations and use sampling intensities
that are constant over large geographic areas, if not the entire popula-
tion. In such cases, even though stratified sampling is not possible, con-
siderable increase in precision may still be achieved simply by using
post-sampling stratification, also characterized as post-stratification.

1.2. Applications

Aerial photography served as the earliest source of remotely
sensed information for constructing stratifications. With this ap-
proach, characterized as double sampling for stratification, an exten-
sive sample of photo plots on aerial photographs is interpreted, photo
plots are assigned to strata using ocular methods, and strata weights
are estimated as proportions of photo plots assigned to strata. Field
crews then visit a subset of the photo plots and observe and measure
plot attributes. Plots are assigned to the strata of their corresponding
photo plots. Estimates based on these data are then calculated using
stratified estimation techniques (Cochran, 1977). Examples of double
sampling for stratification using aerial photography are provided by
Bickford (1953, 1960), Lawrence and Walker (1954), Kendall and Sayn-
Wittgenstein (1961), Macpherson (1962), and Poso (1972), and the
topic is addressed in textbooks such as Loetsch and Haller (1964) and
Gregoire and Valentine (2008).

More recently, satellite imagery has served as a source of informa-
tion for constructing stratifications. With this approach, image pixels
with centers in the population are classified with respect to land cover
attributes, and the classes or aggregations of the classes are then used
as strata. Strata weights are calculated as the proportions of pixels in stra-
ta, and plots are assigned to strata on the basis of the strata assignments
of the pixels containing the plot centers. In Finland, Poso et al. (1984,
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1987), Poso et al. (1987) derived stratifications from unsupervised
classifications of satellite imagery. In the United States of America
(USA), Hansen and Wendt (2000) constructed strata by collapsing
the classes of the Gap Analysis Program (GAP) classification (Scott
et al., 1993) into forest and non-forest strata and then constructing
forest edge and non-forest edge strata along forest/non-forest
boundaries. Two sets of stratified estimates of forest area and grow-
ing stock volume for the states of Illinois and Indiana, USA, were
compared: 1986 estimates obtained using a double sampling for
stratification approach based on first-phase interpretation of aerial pho-
tographs and 1998 estimates using the GAP classification as basis for
stratification. Although variances of estimates for the image-based
stratification were slightly larger than for the photo-based stratification,
the image-based stratification was much more consistent and much
less costly to construct.

Also in the USA, McRoberts et al. (2002a) used the 1992 National
Land Cover Dataset (NLCD) (Vogelmann et al.,, 2001) to construct
strata similar to those used by Hansen and Wendt (2000). Variances
of estimates of mean proportion forest area for the American states
of Indiana, lowa, Minnesota, and Missouri were reduced by factors
ranging from 1.72 to 3.22. For two study areas in Minnesota,
McRoberts et al. (2002b) used a nearest neighbors approach to pre-
dict proportion forest from Landsat imagery with 30-m x 30-m
resolution and NFI plot observations of forest/non-forest. Classes of
proportion forest predictions were then aggregated into four strata
for use in a post-stratification approach. For estimating mean pro-
portion forest area, variances were reduced by factors in the range
4.3-5.6. For study areas in the American states of Minnesota and
Wisconsin, McRoberts et al. (2006) used a logistic regression model to
predict the probability of forest for Landsat pixels. Classes of the proba-
bility of forest were then aggregated into strata for a similar approach to
post-stratification. Reductions in variances of estimated mean propor-
tion forest were in the range 3.6-5.9 and reductions for growing stock
volume were in the range 1.3-2.5.

Liknes et al. (2004) and Holden et al. (2005) investigated the effec-
tiveness of 250-m x 250-m resolution MODIS-based maps as bases
for stratifications. Liknes et al. (2004) focused on stratified estimation
of mean proportion forest area and found that although the MODIS-
based stratified estimates were more precise than the simple random
sampling estimates, they were less precise than Landsat-based strati-
fied estimates. The latter result was attributed to the finer spatial reso-
lution of the Landsat imagery. Holden et al. (2005) used a MODIS-based
biomass map as the basis for stratified estimation of biomass for 11
states in the north central region of the USA. The map was only margin-
ally effective at increasing the precision of biomass estimates. This
result can be attributed to a weak relationship between plot-level bio-
mass and corresponding MODIS-based predictions. The weakness of
the relationship can, in turn, be attributed to the difficulty of predicting
below-canopy attributes such as biomass from spectral data that
responds primarily to canopy-level attributes. In addition, the spatial
size difference between the 62,500-m? MODIS pixels and the approxi-
mately 672-m? plots was likely also a contributing factor.

The important lessons from the Liknes et al. (2004), Holden et
al. (2005), and the McRoberts et al. (2002a,b, 2006) studies are that
the effectiveness of stratifications based on spectral information from
satellite imagery is much greater for canopy-level attributes such as
mean proportion forest area than for below-canopy attributes such as
mean biomass per unit area and when using imagery whose resolution
is closer to the plot size.

Recent reports of strong relationships between below-canopy for-
est attributes such as growing stock volume and lidar metrics suggest
that lidar-based stratifications may be effective for increasing the
precision of estimates of parameters related to growing stock volume,
biomass, and carbon. For example, Nesset (2002) reported that 80-
93% of the variability in field measured volume could be explained
by models that use lidar metrics, and Naesset and Gobakken (2008)

reported that 88% of the variability in above-ground biomass could
be explained with models using lidar metrics. Similar results have
also been reported for multiple other studies including Frazer et al.
(2011), Li et al. (2008), and Zhao et al. (2009).

1.3. Objectives

The objective of the study was to assess the utility of lidar data as
the basis for post-stratifications for increasing the precision of estimates
of mean proportion forest area (FOR) and mean growing stock volume
(m3/ha) (VOL).

2. Data

The study area is in Hedmark County, Norway, mostly in Amot
and Stor-Elvdal municipalities (Fig. 1). The study area consists of
2385 km? and features altitudinal variations ranging from 204 to
1134 m above sea level (asl) with a mean of 570 m asl. The dominant
tree species are Norway spruce (Picea abies (L.) Karst.) and Scots pine
(Pinus sylvestris L.). For the period 1961-1990, mean January and July
temperatures were —11° and 13° Celsius, respectively (Norwegian
Meteorological Institute, 2012).

2.1. Lidar data

A PA31 Piper Navajo aircraft carried the Optech ALTM 3100 laser
scanning system. The laser scanner data were acquired between 15
July 2006 and 12 September 2006 from a height of approximately
1700 m with average speed of 75 ms™!. The pulse repetition fre-
quency was 50 kHz, and the scan frequency was 31 Hz. The maxi-
mum scan angle was 16°, which corresponded to an average swath
width of approximately 975 m. Pulses transmitted at scan angles
that exceeded 14° were excluded from the final dataset. The mean foot-
print diameter was approximately 50 cm, and the average point density
was 0.7 m—2.

The initial processing of the data was accomplished by the con-
tractor (Blom Geomatics, Norway). Planimetric coordinates and ellip-
soidal height values were computed for all echoes. Ground echoes
were found and classified using the progressive Triangular Irregular Net-
work (TIN) densification algorithm (Axelsson, 2000) of the TerraScan
software (Anonymous, 2005). A TIN was created from the planimetric
coordinates and corresponding heights of the laser echoes classified as
ground points. The ellipsoidal height accuracy of the TIN model was
expected to be around 20-30 cm (Kraus & Pfeifer, 1998; Reutebuch et
al., 2003). The heights above the ground surface were calculated for
all echoes by subtracting the respective TIN heights from the height
values of all echoes recorded. The ALTM 3100 sensor is capable of re-
cording up to four echoes per pulse. Data for only single echoes or
the first of multiple echoes were used. For each plot and population
unit, height distributions were estimated for heights greater than 2 m.
Echoes with heights less than 2 m were considered to have been
reflected from non-tree objects such as shrubs, grass, or the ground.

The study area was tessellated into population units consisting of
square grid cells with the same 250-m? area as the field plots
(Section 2.2). For each plot and population unit, heights corresponding
to the 10th, 20th, ..., 100th percentiles of the distributions were de-
noted hy, ho, ..., hqo, respectively. In addition, mean heights and coeffi-
cients of variation for the canopy height distributions were calculated.
Canopy densities were also calculated as the proportions of echoes
with heights greater than 0%, 10%, ..., 90% of the 95th height percentile
and denoted d, dy, ..., do, respectively (Gobakken & Nasset, 2008).

2.2. Field data

The field measurements were obtained from Norwegian NFI field
plots. The Norwegian NFI is a continuous forest inventory system with
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Fig. 1. Study area in Hedmark County, Norway, with illustration of sampling design.

permanent, 250-m? circular plots located at the intersections of a 3-
km x 3-km grid covering the entire country. The study area includes 266
plots that are remeasured every fifth year following the ordering of a
country-level Latin square design with 45-km x 45-km blocks (Tomter
et al., 2010).

On each sample plot, all trees with diameter at-breast-height
(dbh, 1.3 m) of at least 5 cm were callipered, and tree heights were
measured on an average of 10 sample trees per plot selected with
probability proportional to stem basal area. Models were used to predict
heights for trees whose heights were not measured. (Fitje & Vestjordet,
1977; Vestjordet, 1968). The volume of each sample tree was estimated
using species-specific volume models with dbh and measured height or
predicted height as predictor variables (Braastad, 1966; Brantseg, 1967;
Vestjordet, 1967). The ratio of the mean volume using predicted heights
and the mean volume using measured heights was used to adjust the
volumes obtained using predicted heights (ratio estimation). The
mean and maximum individual tree volumes were 0.117 m> and
1.985 m>, respectively. Total plot volume was obtained by adding
volume estimates for individual trees. Although the plot volumes are
estimates, the uncertainty of the estimates was considered negligible
relative to plot-to-plot variability and was ignored.

Differential Global Navigation Satellite Systems (dGNSS) were
used to determine the position of the center of each sample plot. Topcon
LegacyE dual-frequency receivers for observing the pseudorange
and carrier phase of both the American GPS and the Russian GLONASS
were used. Collection of location data lasted a minimum 15 minutes
for each plot, with a two-second logging rate. The antenna height
ranged from approximately 2 to 4 m. Topcon LegacyE receivers were
also used as base stations. The distances between the plots and the
base stations were<50 km. Pinnacle version 1.00 (Anonymous, 1999)
post-processing software was used to compute coordinates using the
nearest base station as reference. Based on the positional standard
errors reported by Pinnacle, the estimated precision of the planimetric
plot coordinates ranged from 0 to 2 m, with an average of 0.05 m.

The combination of field measurements for years 2005-2007,
which bracket the lidar acquisition dates, and lidar metrics was desig-
nated the calibration dataset and was used to develop procedures for
predicting FOR and VOL. Because of the Latin square sampling design,
the field data for years 2005-2007 in the calibration dataset did not

represent the entire study area, did not constitute an equal probabil-
ity sample, and therefore were not used to estimate population pa-
rameters. However, the calibration dataset was still sufficient to
serve as the basis for developing models and prediction techniques.
Field data for years 2006-2010 covered the entire study area and
were used to estimate population parameters. The combination of
the 2006-2010 field data and the lidar metrics was designated the
estimation dataset.

3. Methods

This section addresses four issues. First (Section 3.1), a brief over-
view of stratified estimators and conditions under which stratified
estimation is effective is presented. Second (Section 3.2), three techniques
used to construct forest attribute maps that serve as bases for stratifica-
tions are described: a multiple linear regression model, a nonlinear logis-
tic regression model, and the k-Nearest Neighbors (k-NN) technique.
Third (Section 3.3), issues related to selecting strata boundaries and
constructing strata are discussed, and fourth (Section 3.4), a brief state-
ment of how the stratifications were applied is presented.

3.1. Stratified estimators

Cochran (1977) provides a stratified estimator for the population
mean:

H
sy = ZWhﬂh7 (1)
h=1
where
R @
h n, < hi»

h=1,... H denotes strata; yy; is the ith observation in the hth stratum
of the variable of interest; wy, is the known weight for the hth stra-
tum, calculated as the proportion of the population in the stratum;
ny is the number of plots assigned to the hth stratum; and fi,is the
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sample mean for the hth stratum. For within-strata sample variances
calculated as,

62 =3 i’ 3)
h_"h—l,»:] hi—Hn) >

a stratified estimator of the variance of the estimated mean for fixed
strata sample sizes is,

H 52
A
Var(flge) = > wih. (4a)
h=1

For random within-strata sample sizes, such as is usually the case
for post-stratification, (Cochran, 1977, p. 135) provides a modified
stratified estimator of the variance,

Ho nbr 18 n, 6>
AN hOh 1 _ hOh
Var(usn.) = ’?:l wy, 7 M + I h§:1 (1 Wh)—n _”h , (4b)

where n is the total sample size over all strata. For large sample sizes,
particularly when the strata weights are nearly equal to the propor-
tion of plots assigned to strata, Eqs. (4a) and (4b) produce similar
estimates.

The stratified estimator is unbiased in the sense that over all pos-
sible samples E(fig,) = n where E(.) denotes statistical expectation
and pis the true population mean. However, even though the estima-
tor [lg;, is unbiased, the estimate obtained with any particular sample
may still deviate substantially from p. The effectiveness of a stratifica-
tion in reducing variance is often assessed using relative efficiency
calculated as,

VA A
Vi i)
where for sample size, n,
. 1
Hsgs = >y (6)
i1
and
A A ] n A
Var(fises) = = D (v—flos)” @

i=1

are the simple random sampling (SRS) estimators. Values of RE great-
er than 1.0 indicate that the stratification has been effective in reduc-
ing the variance and increasing precision. RE may also be interpreted
as the factor by which the sample size would have to be increased to ob-
tain the same precision with the SRS estimators as would be achieved
with the stratified estimators.

Stratified estimation is effective when the elements of a heteroge-
neous population are grouped into strata so variances of within-strata
means are substantially smaller than the variance of the overall mean
obtained under the SRS assumption or when strata with large variances
for means are small in size. Stratified estimation may be ineffective if
the population is partitioned into strata that have similar means and
variances or when large numbers of strata reduce within-strata sample
sizes and thereby increase variance estimates of within-strata means.
Cochran (1977) indicates that there is little additional benefit when
more than six to eight strata are used. The Forest Inventory and Analysis
(FIA) program of U.S. Forest Service, which conducts the NFI of the USA,
has found post-stratification effective for as few as 2 to 4 strata (Hansen
& Wendt, 2000; McRoberts et al., 2002a, 2002b, 2006).

When stratifications are constructed using remotely sensed data,
conditions leading to increased precision include stratification variables
that are closely related to response variables, sampling units that are
accurately registered to the remotely sensed data, close proximity of
the dates of the remotely sensed data and the dates of the plot measure-
ments, and small errors associated with the stratification. Numerous
factors contribute to stratification errors: (i) errors in the underlying
remotely sensed data, (ii) errors in the registration of plot locations to
the remotely sensed data (McRoberts, 2010), (iii) mixed land covers
for spatial units of the remotely sensed data, (iv) diffusion of spectral
information among adjacent spatial units of the remotely sensed data,
and (v) differences in sizes of plots and spatial units of the remotely
sensed data. Although stratifications are more effective at reducing
variance when errors in the prediction of the stratification variable
from the remotely sensed data are small, larger errors do not induce
bias into the stratified estimator but rather only decrease the effective-
ness of the stratification for reducing variances.

3.2. Constructing a map of growing stock volume

The first task was to construct a map of VOL using the NFI plot obser-
vations and lidar metrics. Three approaches for predicting VOL were
investigated: (1) a multiple linear regression model, (2) a nonlinear
logistic regression model, and (3) the k-NN technique. Use of a multiple
linear regression model to predict VOL from lidar metrics is intuitive
and relatively easy. The potential disadvantage is that the range of values
for the lidar metrics may be greater for the population as a whole than
for the sample. If so, extrapolations resulting from application of the
model to values of lidar metrics not observed in the sample may be neg-
ative or unrealistically large.

The nonlinear logistic regression model has the mathematical
form,

o

J
1+ exp <BO + Z; Bjxi,->
Jj=

Yi= + &, 8

where i indexes population units, x;; is observation of the jth lidar
metric for the ith population unit, v and 3;, j=0, ..., J, are parameters
to be estimated, and ¢; is a residual error term. This logistic regression
model, whose parameters are estimated using least squares techniques,
is not to be confused with the logistic regression model used with
categorical data (Agresti, 2007). The advantage of the logistic model
expressed by Eq. (8) is that all predictions are non-negative and are
constrained by the horizontal asymptote, «, which is estimated from
the sample data.

For inventory applications, stratified estimation is often used to
enhance the precision of estimates of parameters of multiple forest
attributes, typically at least mean FOR and mean VOL. To ensure consis-
tency, the same stratification is preferred for estimation of parameters
for both attributes. Therefore, a map that is constructed to depict both
attributes simultaneously may produce better stratification results
than a map constructed for either attribute individually.

The non-parametric, multivariate k-NN technique has enjoyed pop-
ularity within the forest inventory community for predicting forest
attributes from remotely sensed data (Tomppo et al., 2008; McRoberts
et al., 2010; McRoberts, 2012). With this technique, population unit
predictions are calculated as linear combinations of observations for
the population units in a sample that are most similar, or nearest, in
a space of auxiliary variables to the unit requiring a prediction. The k-
NN approach has two advantages. First, k-NN can be used to predict a
multivariate suite of response variables. Second, VOL predictions cannot
exceed the range of observations in the sample. Thus, a stratification
based on a multivariate map constructed to optimize prediction of
FOR and VOL simultaneously may produce stratified estimates of both
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means whose precision is jointly optimal. McRoberts et al. (2002b)
illustrates use of the k-NN technique in support of stratified estimation.

Let Y denote a possibly multivariate vector of response variables
with observations for a sample of size n from a finite population of
size N, and let X denote a vector of auxiliary variables with observa-
tions for all population units. In the terminology of nearest neighbors
techniques, the auxiliary variables are designated feature variables
and the space defined by the feature variables is designated the
feature space; the set of sample population units for which observations
of both response and feature variables are available is designated the
reference set; and the set of population units for which predictions of
response variables are desired is designated the target set. All elements
of both the reference and target sets are assumed to have a complete
set of observations for all feature variables. For continuous response
variables, the nearest neighbors prediction, y;, for the ith target set ele-
ment is calculated as,

k .
Vi= Zwijy]l' 9)
j=1

where {y}, j=1, 2, ..., k} is the set of response variable observations
for the k reference set elements that are nearest or most similar to the
ith target set element in feature space with respect to a distance metric,
d, and wy is the weight assigned to the jth nearest neighbor with

k
>~ w; = 1. For this application, the Euclidean distance metric and equal
j=1
weighting of neighbors were used, and for each combination of feature
variables k was selected to minimize the sum of squared residuals,

n

SStes = > (=¥, (10)
i=1

which was calculated using a leave-one-out technique with the refer-
ence dataset.

For each of the linear, nonlinear, and k-NN prediction approaches
an optimal combination of lidar metrics as predictor variables was
sought. Although graphs of observations versus predictions were also
used, the primary optimality criterion was model efficiency (Vanclay
& Skovsgaard, 1997) calculated as,

2 Ssres
Q=1 S (11)
where
u 2
SSinean = Z =y (12)

—_

Although in some cases Q? is equivalent to the more familiar R?
used for linear regression models, such is not necessarily the case
for the nonlinear and k-NN approaches (Anderson-Sprecher, 1994).
For the linear regression and k-NN approaches, automated evaluation
of all combinations of lidar metrics was easily implemented. For the
nonlinear logistic regression model, an iterative, stepwise approach
was used whereby the single lidar metric with the greatest value of
Q? was first selected. Next, all combinations of the first lidar metric
with one of the remaining lidar metrics were evaluated, and the com-
bination with the greatest value of Q? was selected. This procedure of
selecting the lidar metric that best augmented the previously selected
metrics continued until a Q% value was obtained for each possible
number of metrics. For the linear and nonlinear regression models,
final selection of predictor variables was based on a subjective assess-
ment of the combination beyond which only negligible increases in Q?
were found. Unlike regression approaches, inclusion of predictor or fea-
ture variables that are unrelated to the response variable may cause Q?

for the k-NN technique to decrease (McRoberts et al., 2002b). Thus, for
the k-NN approach, the combination of feature variables that produced
the greatest Q was finally selected.

3.3. Constructing strata

The second task was to construct classes of volume predictions
that could be aggregated to form strata. For each prediction approach,
the attribute prediction, v;, for the ith population unit was standard-
ized by scaling it to the [0,100] interval:

-V

51:100-‘7""79“7 (13)

max — V min

where ¥ ;,and V ., are the minimum and maximum predictions, re-
spectively, over all population units. The ith unit was then assigned to
one of the 101 standardized classes [0,0], (0,1], ..., (99,100], and the
proportion of units assigned to each class was calculated.

Stratifications were subject to a minimum number of plots per
stratum to ensure reliable estimates of within-strata means and vari-
ances. Sdrndal et al. (1992, p. 267, 407) recommend a minimum of
either 10 or 20 plots per stratum; Kish (1965) and Cochran (1977,
p. 134) recommend a minimum of 10 plots per stratum; and Scott
et al. (2005, page 46) recommend a surprisingly small four plots per
stratum. Westfall et al. (2011) used American NFI plot data similar
to data used for this study to investigate the effects of small sample
sizes and reported two conclusions. First, small numbers of plots per
stratum produced erroneously small standard errors, and second, 10
plots per stratum were sufficient to produce stable estimates of means
and standard errors. For this study, a minimum of 10 plots per stratum
was imposed.

Stratifications were constructed using m=1, ..., 6 strata. The se-
lection of m =6 as the maximum number of strata was based on mul-
tiple factors: (i) Cochran's (1977) recommendation that more than
6-8 strata produce little additional gain in precision, (ii) the experi-
ence of McRoberts et al. (2002a,b, 2006) that approximately four
Landsat-based strata were optimal, (iii) preliminary analyses for
this study that indicated little gain in precision was achieved for
more than six strata, (iv) frequent failure to satisfy the minimum
number of 10 plots per stratum with more than six strata, and (v)
the computational intensity associated with finding optimal strata
boundaries for more than six strata.

Stratifications were constructed by aggregating adjacent stan-
dardized classes using three approaches, each satisfying a different
criterion. First, adjacent classes were aggregated such that the propor-
tion of population units assigned to each stratum was as close as possi-
ble to;L where m is the number of strata. For example, for m =3, the first
stratum may have consisted of classes [0,0]-(5,6] whose proportion of
population units was 0.36; the second stratum may have consisted of
classes (6,7]-(90,91] whose proportion of units was 0.33; and the
third stratum may have consisted of classes (91,92]-(99,100] whose
proportion of units was 0.31. Because of the non-uniform grouping of
population units into classes, proportions of units aggregated into strata
did not always equal exactly L. Second, adjacent classes were aggregat-
ed in such a manner that REy; was maximized for each number of stra-
ta. Third, adjacent classes were aggregated in such a manner that
REror + REyoL was maximized for each number of strata.

Breidt and Opsomer (2008) coined the term endogenous post-
stratification to describe approaches to post-stratification for which
the range of predictions of a stratification variable obtained using obser-
vations of the response variable is divided into pre-determined intervals.
They also noted that the approach violates two standard stratification
assumptions. First, the assumption that plots are assigned to strata
without error is violated because of uncertainty associated with the
predictions. Second, the assumption that observations are assigned to
strata independently of observations of the response variable is violated
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because the predictions depend on those observations. However, using
data similar to those used for this study, Breidt and Opsomer (2008)
also demonstrated that when strata are constructed by dividing the
range of predictions obtained from a linear model calibrated using
the response variable observations, the detrimental effects of violating
the stratification assumptions are negligible, even for small sample
sizes. Dahlke et al. (2012) also used similar data to show that when a
non-parametric prediction procedure was used, estimates of standard
errors were asymptotically similar to those obtained using the familiar
Horvitz-Thompson estimator (Horvitz & Thompson, 1952). The statisti-
cal consistency of results obtained using endogenous post-stratification
was confirmed empirically using simulations similar to those reported
by Dahlke et al. (2012).

3.4. Application of estimators

The stratified estimators expressed by Egs. (1) and (4b) were used
to calculate estimates of mean FOR and mean VOL for 2-6 strata for
stratifications based on each prediction procedure. REgog and REyop
were calculated using Eq. (5), and the sum, REgor + REyoL was then
also calculated. Each plot was assigned to the stratum of the popula-
tion unit containing the plot center. For this application, finite popu-
lation correction factors were assumed to be negligible and were
ignored.

4. Results and discussion
4.1. Predicting volume (VOL) and forest/non-forest (FOR)

4.1.1. Multiple linear regression model

For the linear regression model, the positive effect on Q2 of includ-
ing an intercept term was negligible. Thus, further analyses used only
the linear regression model without an intercept term. In general, lit-
tle improvement in Q? values was obtained when more than the five
best independent variables were used. The five selected independent
variables for the linear regression model were hy, hs, hg, h7, and dg and
produced Q%o = 0.772. Graphs of observations versus predictions in-
dicated only modest lack of fit for the linear regression model (Fig. 2).
The proportion of population units with values for the selected pre-
dictor variables outside the ranges observed for the calibration
dataset was 0.020; the proportion of population units with VOL pre-
dictions outside the range predicted for the field reference plots was
0.023; and the proportion of estimation plots with VOL predictions
outside the range predicted for the calibration plots was 0.034. The
extrapolated predictions were sometimes unrealistic with a range of
—206.33 m®/ha to 1442.10 m3/ha. Although extrapolations were
rare, their effects were large. The range of standardized VOL predic-
tions calculated using Eq. (13) for all population units is necessarily
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Fig. 2. Plot volume observations versus linear model predictions.
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Fig. 3. Distribution of standardized linear model volume class predictions for popula-
tion units.

0-100, but the range for the population units containing estimation
plot centers was only 9-34 (Fig. 3). This result has the potential to de-
crease the effectiveness of resulting stratifications because the plot
observations are concentrated in a small range of standardized VOL
predictions. This concentration reduces the number of possibilities
for aggregating classes into strata and thereby inhibits optimal selec-
tion of strata boundaries. Use of class widths smaller than 1.0 may al-
leviate this condition, but then selection of optimal strata boundaries
would entail much greater computational intensity. Of importance,
the phenomenon cannot be attributed to standardization of the vol-
ume predictions but rather to the results of extrapolating the model
beyond the range of the data used to estimate its coefficients.

4.1.2. Nonlinear logistic regression model

Variables selected for the nonlinear logistic model, in order, were
hi, hio, do, and dg and produced Q3o =0.898, the largest for the
three prediction methods. Graphs of VOL observations versus predic-
tions indicated no apparent lack of fit, although one possible outlier
was observed (Fig. 4). Serious extrapolation problems are impossible
with the nonlinear regression technique because predictions cannot
extend below 0 or greater than the estimated asymptote which is
obtained from the sample data. For the nonlinear model, the proportion
of population units with values for the selected predictor variables
outside the range observed for the calibration dataset was 0.026; the
proportion of population units with VOL predictions outside the range
predicted for the calibration plots was 0.007; and the proportion of
estimation plots with VOL predictions outside the range predicted
for the calibration plots was 0.064. The range of standardized VOL

450
400
350
300
250
200
150
100

Volume observation (m3/ha)

50

0

150 200 250 300 350 400 450

Volume prediction (m’/ha)

Fig. 4. Plot volume observations versus nonlinear logistic model predictions.
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Fig. 5. Distribution of standardized nonlinear logistic model volume class predictions
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predictions calculated using Eq. (13) for population units containing es-
timation plot centers was 0-100 (Fig. 5).

4.1.3. k-Nearest Neighbors technique

The selected feature variables for the k-NN technique were hq, do,
d,, ds, and d, with k=15 and produced QZpgr=0.650and QZq.=
0.714. Although Q%o was smallest for the three prediction methods,
the k-NN parameters were selected to maximize the sum, Q&g + QZor,
not just Q3o Graphs of observations versus predictions indicated no
apparent lack of fit, although several possible outliers were observed
(Fig. 6). No extrapolation problems were experienced with the k-NN
technique because the predictions cannot extend beyond the range
of response variable observations in the reference set. The proportion
of population units with values for the selected feature variables out-
side the range observed for the calibration dataset was 0.024, and the
range of standardized k-NN VOL predictions for population units with
estimation plots was 0-100 (Fig. 7).

4.2. Stratified estimation

The precision of the stratified estimates of mean FOR and mean
VOL were affected by three factors: (1) the prediction procedure of
which three approaches were considered, a multivariate linear re-
gression model, a nonlinear logistic regression model, and the k-NN
technique; (2) the number of strata which ranged from 1 to 6; and
(3) criteria for selecting strata boundaries of which three were con-
sidered, equal size strata, maximization of REyq;, and maximization
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Fig. 6. Plot volume observations versus k-NN predictions.
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Fig. 7. Distribution of standardized k-NN volume class predictions for population units.

of REror + REyor. The effects of levels of the three factors were evalu-
ated for three measures: REgor, REyor, and REgor + REyor. Care must
be taken to distinguish between REyq;, and REgog + REyoL as mea-
sures to be maximized when selecting strata boundaries, and REgqg,
REyor, and REgor + REyop as stratification outcomes. Values of the
three REs for all levels of the three factors are reported in Table 1.

4.2.1. Modeling procedure

Over all combinations of strata sizes and criteria for selection of
strata boundaries, stratifications obtained using the linear model
were, with only a few exceptions, inferior with respect to all three
optimization criteria. This phenomenon can be attributed to the con-
centration of plots into a small number of the classes defined by
Eq. (13). As aresult of the inferior linear model results, this prediction
approach is not considered further.

4.2.2. Number of strata

Comparisons of stratifications based on the nonlinear logistic model
predictions and the k-NN predictions with respect to the three RE
measures produced mixed results. For REyo. and REgor + REyor, the
nonlinear logistic regression model was superior or comparable to the
k-NN procedure. However, for REgog, the k-NN procedure was superior
when using the REgor + REyor optimization criterion, a result that can
be attributed to considering prediction of both FOR and VOL when
selecting the k-NN feature variables.

For both the nonlinear logistic model and the k-NN technique,
values of RE generally increased for larger number of strata. The in-
creases were nearly always greater for REyo; and REgor + REyor than
for REgog. For the nonlinear logistic model, ratios of REyq; for six stra-
ta to REy for four strata and ratios of REgor + REyop for six strata to
REror + REyo for four strata ranged between 1.09 and 1.22. For REgog,
ratios were only slightly greater than 1.00. For the k-NN technique,
ratios for all three RE measures ranged from 1.00 to approximately
1.16. Comparisons of particular values of RE indicated that six strata
were superior for stratifications based on nonlinear logistic model
predictions. For the k-NN predictions, six strata were only marginally
superior. Based on these results, further analyses were restricted to
4-6 strata for stratifications based on both the nonlinear logistic
model and k-NN predictions.

4.2.3. Criteria for selecting strata boundaries

For stratifications based on nonlinear logistic model predictions
with 4-6 strata, selection of strata boundaries to maximize REyq; in-
creased REyop by multiplicative factors of 1.30 relative to values for
equal size strata but produced slight reductions in REgog. Selection of
strata boundaries to maximize REgor + REyor produced slightly smaller
multiplicative increases in REyo; and REgor + REyor but small increases,
rather than decreases, in REggg.
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Table 1

Summary of stratification results.”
Number of strata Linear Nonlinear k-NN

REror REvoL REfor+ REror REvor REpor+ REror REvoL REpor+
REVDL REVOL REVOL

Equal strata
17 1.000 1.000 2.000 1.000 1.000 2.000 1.000 1.000 2.000
2 1.176 1.462 2.638 1.237 1.472 2.709 1.264 1.353 2.618
3 1.192 1.629 2.721 1.500 1.743 3.243 1.620 1.590 3.210
4 1.192 1.935 3.127 1.489 2.053 3.542 1.719 1.712 3431
5 1.179 2.034 3.213 1.465 2.262 3.727 1.920 1.691 3.610
6 1.176 2.130 3.306 1.519 2333 3.852 2.097 1.750 3.847
Strata boundaries selected to maximize REyo;
1 1.000 1.000 2.000 1.000 1.000 2.000 1.000 1.000 2.000
2 1.045 1.792 2.837 1.044 1.980 3.024 1.075 1.589 2.664
3 1.177 2.188 3.365 1.444 2.351 3.796 1.365 1.792 3.158
4 1177 2272 3.449 1.466 2.630 4.096 1.366 1.813 3.200
5 1.193 2.336 3.530 1.461 3.024 4.485 1.364 1.848 3.212
6 1.197 2373 3.570 1.470 3.188 4.657 1.582 1.857 3.439
Strata boundaries selected to maximize REror + REyor
17 1.000 1.000 2.000 1.000 1.000 2.000 1.000 1.000 2.000
2 1.045 1.792 2.837 1.044 1.980 3.024 2.354 1.017 3.371
3 1177 2.188 3.365 1.489 2.325 3.814 2.347 1.607 3.954
4 1.184 2.270 3.454 1.512 2.601 4.113 2.347 1.750 4.097
5 1.193 2.336 3.530 1.506 2.985 4.491 2.387 1.783 4.170
6 1.197 2373 3.570 1514 3.174 4.688 2448 1.754 4.202

*RE — Var(iss)

Var(iig,)"
**Estimates for single stratum equal simple random sampling estimates.

For stratifications based on k-NN predictions with 4-6 strata, se-
lection of strata boundaries to maximize REyq, increased REyop by
multiplicative factors of 1.06 to 1.09 relative to values for equal size
strata. However, REgor decreased by factors of 0.21 to 0.25. Selection
of strata boundaries to maximize REgog + REyor produced only slight-
ly different values for REyqy, but increases in REgog, ranging from 1.17
to 1.37.

For stratifications based on nonlinear model predictions, values
for all three RE measures were comparable regardless of whether
strata boundaries were selected to maximize REyo or REror + REyor.
However, for stratifications based on k-NN predictions, values of REggr
were substantially greater, but values of REyo, were substantially less,
when strata boundaries were selected to maximize REgor + REyor rather
than REvoL.

4.3. Stratification summary

Overall, stratifications based on nonlinear logistic regression model
predictions and featuring 4-6 strata were superior. Values for all three
RE measures were generally comparable regardless of whether strata
boundaries were selected to maximize REyq; or REgor + REyor. However,
use of REgor + REyoL as the optimization criterion when selecting strata
boundaries permits greater flexibility. For example, values of REyq, were
often approximately twice as large as values of REgor when the strata
boundary selection criterion was the equally weighted sum of REpgr
and REyo.. However, different weightings could be used to produce
values of REgog and REyq; that are more similar. In summary, the results
of this study indicated the superiority of the nonlinear logistic regression
model predictions as the basis for 4-6 optimized strata. For equal
weighting of precision for mean FOR and mean VOL, REyo; may be pref-
erable as an optimization criterion because it is slightly less complex,
but if flexibility in weighting is desired, a weighted sum of REror and
REyoL may be preferable.

Details of stratifications using the nonlinear logistic model predic-
tions as the basis for the strata and the REyo; optimization criterion
are reported in Tables 2a-2c. For all three stratifications, lower num-
bered strata represent population units with smaller predicted VOL.
The positive relationship between the strata numbers and the strata

means indicates that estimation plots with large VOL observations
were assigned to population units with large VOL predictions and re-
flects the strong relationship between the calibration plot observations
and the nonlinear logistic model predictions. The stratum-level mean
VOL estimates and their standard errors indicate that the stratifications
produced the desired effects. In particular, strata with larger standard
errors have smaller weights. This feature of stratified estimation where-
by groups of plots whose observations are more variable are assigned to
smaller strata is a primary reason that stratified estimation reduces
overall variance estimates. Of interest, for the 5- and 6-strata cases,
the mean for the last stratum is smaller than the means for the two pre-
ceding strata. However, the standard error for the last stratum is larger
than for the preceding strata. Thus, the explanation for the smaller
mean can likely be attributed to use of a criterion based on maximizing
REs which are directly related to variances and standard errors but not
to means.

For stratum-level mean FOR estimates, all three stratifications reflect
the fact that all plots were either completely forested or completely
non-forested. For each stratification, mean FOR for all except the first
stratum was either 1.000 or very close to 1.000 (Tables 2a,2b,2c). An
easy calculation shows that for the latter strata with mean FOR<1.000,
either one or two estimation plots had FOR = 0.000 rather than FOR=
1.000. This situation is likely due to misclassification of the one or the
two plots resulting from harvest between the lidar acquisition and plot
measurement dates, failure of the plots to adequately characterize the

Table 2a
Estimates for stratifications based on nonlinear logistic model predictions for four stra-
ta with strata boundaries selected to maximize REyq.

Stratum  Stratum Number of Proportion  Proportion Growing stock
weight plots of plots forest area volume

(FOR) (vor)

Mean SE Mean SE
1 0.397 122 0.458 0.607 0.044 13.242 1.818
2 0.420 95 0.357 0.989 0.011 80.757 5.509
3 0.116 25 0.094 1.000 0.000 205.909 12.563
4 0.067 24 0.090 0.917 0.058 246.605 34.127
Total 1.000 266 1.000 0.834 0.020 79.589 3.788
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Table 2b
Estimates for stratifications based on nonlinear logistic model predictions for five strata
with strata boundaries selected to maximize REyo.

Stratum  Stratum Number of Proportion  Proportion Growing stock
weight plots of plots forest area volume (VOL)
(FOR)
Mean SE Mean SE
1 0.397 122 0.458 0.607 0.044 13.242 1.818
2 0.420 95 0.357 0.989 0.011 80.757 5.509
3 0.116 25 0.094 1.000 0.000 205.909 12.563
4 0.047 13 0.049 0.923 0.077 332.975 39.541
5 0.020 11 0.041 0.909 0.091 144.531 41.276
Total 1.000 266 1.000 0.834 0.020 81.654 3.533

population units containing the plot centers, or plot location errors. The
phenomenon with all strata after the first having mean FOR=1.000
or very close means that little gain in REgog can be realized beyond
2-3 strata.

The stratified population estimates are similar to but not exactly
the same as the SRS estimates. For this study, the SRS mean FOR
was 0.808 with SE of 0.024 and SRS mean VOL was 76.502 with SE
of 6.142. Deviations of stratified estimates of means from the SRS es-
timates is due to differences between strata weights and the propor-
tions of plots assigned to strata (Tables 2a,2b,2c). Causes for the
differences between weights and proportions of plots by strata vary
but include a non-representative sample and classification errors.
For all cases, deviations in estimates of means were less in absolute
value than twice the stratified standard errors.

For this study, REyqy for the best stratifications was approximately
in the range 2.6-3.2. Such values of REyg; are substantially greater
than the 1.3-2.5 values obtained by McRoberts et al. (2006) in the
USA using similar NFI plot observations and stratifications based on
predictions of FOR obtained from Landsat data. This result partially
reflects the difference between predictions of FOR and predictions
of VOL, but it also reflects the greater utility of lidar data for character-
izing sub-canopy forest attributes. For similar forest types, Nasset
et al. (2011) used lidar-based stratified estimation for aboveground
biomass, albeit with model-assisted rather than SRS estimation with-
in strata, and achieved RE>5.

Finally, the financial aspects of the results merit attention. First, at
the time of the study, the cost of acquiring lidar data was approxi-
mately $75 (US)/km?2. Thus, for the entire study area (Section 2), the
total lidar cost was approximately $180,000 (US). Second, REyor =3.0
means that to achieve the same reduction in variance without the
lidar-based stratifications, the sample size would have to be increased
by factor of 3.0, i.e,, the current sample size of n=266 would have to
be increased by 2-n=532 additional plots. At the time of the study,
the Norwegian NFI estimated the cost of measuring a plot in the study
area as approximately $500 (US)/plot. However, many variables other
than species, diameter, and height which are needed to estimate tree
volume are measured on these plots. Therefore, if VOL were the only

Table 2¢
Estimates for stratifications based on nonlinear logistic model predictions for six strata
with strata boundaries selected to maximize REyoy.

Stratum  Stratum Number of Proportion  Proportion Growing stock
weight plots of plots forest area volume (VOL)
(FOR)
Mean SE Mean SE
1 0.397 122 0.459 0.607 0.044 13.242 1.818
2 0.195 35 0.132 1.000 0.000 61.686 5.811
3 0.225 60 0.226 0983 0.017 91.882 7.715
4 0.116 25 0.094 1.000 0.000 205.909 12.563
5 0.047 13 0.049 0.923 0.077 332975 39.541
6 0.020 11 0.041 0.909 0.091 144.531 41.276
Total 1.000 266 1.000 0.835 1.470 80.425 3.188

variable of interest for the additional plots, and acknowledging the
fixed costs of measuring a plot such as the cost of travel to and from
the plot location, the cost of measuring these additional plots may be
reasonably assumed to be approximately $350/plot. The result is that
in terms of plot measurement costs, achieving the same variance reduc-
tion as the lidar-based stratifications produced would cost approximate-
ly $180,000 (US). Thus, the costs associated with the two approaches are
quite similar. In terms of future prospects, however, the costs of labor-
intensive plot measurement are likely to increase, whereas lidar costs
are likely to decrease. If so, lidar-based stratification becomes much
more cost efficient.

Multiple factors affect the cost efficiency of using lidar-based
stratifications to increase the precision of NFI estimates. First, lidar
data are often acquired for purposes such as topographic mapping
rather than specifically for inventory purposes. For these cases, joint
funding of the acquisition reduces the inventory share of the costs
and increases cost efficiency. Second, if lidar data were acquired spe-
cifically for stratification or similar forest applications, greater design
efficiencies could be realized. For example, the 0.7 pulses/m? density
of the lidar data used for this study was dictated by an authority external
to the NFI. However, evidence in the literature indicates densities on the
order of 0.2 pulses/m? would suffice for forest applications (Gobakken &
Nasset, 2008). As a second example, greater increases in precision could
be realized by optimizing the plot size for use with lidar data (Naesset et
al., 2011). Thus, the combination of cost-sharing to reduce lidar acquisi-
tion costs and design efficiencies to increase statistical relative efficien-
cies contribute to overall greater cost efficiency.

5. Conclusions

Six conclusions may be drawn from the study. First, stratifications
based on lidar-based predictions of growing stock volume are effective
at reducing variances of estimates of mean growing stock volume.
Second, extrapolation problems with the linear model made its predic-
tions less effective as a source of information on which to base stratifi-
cations. Third, stratifications whose strata boundaries were selected to
maximize either REyo. or REgor + REyor were more effective than strat-
ifications with equal size strata. Fourth, the stratifications reduced var-
iances for estimates of mean growing stock volume more than variances
for estimates of mean proportion forest area, often by factors of 2.0 or
greater. Fifth, for this study, stratifications based on nonlinear logistic
model predictions with 4-6 strata and with strata boundaries selected
to maximize either REyo. or REror+ REyor were superior. Sixth, for
this study, the cost of acquiring lidar data to support stratified estimation
to reduce variances for estimates of mean growing stock volume was
comparable to the cost of increasing sample sizes for the same purpose.
However, the combination of expected future decreases in lidar costs,
cost-sharing, and greater design efficiencies suggest that lidar-based
stratifications will be a cost-effective method for increasing the precision
of NFI estimates of growing stock volume.
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