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Abstract

Specially designed forest damage inventories, directed to areas with potential or suspected damage, are
performed in many countries. In this study we evaluate a new approach for damage inventories where
auxiliary data are used for the sample selection with the recently introduced local pivotal sampling
design. With this design, a sample that is well spread in the space of the auxiliary variables is obtained.
We applied Monte Carlo sampling simulation to evaluate whether this sampling design leads to more
precise estimates compared to commonly applied baseline methods. The evaluations were performed
using different damage scenarios and different simulated relationships between the auxiliary data and
the actual damages. The local pivotal method was found to be more efficient than simple random
sampling in all scenarios and, depending on the allocation of the sample and the properties of the
auxiliary data, it sometimes outperformed two-phase sampling for stratification. Thus, the local pivotal
method may be a valuable tool to cost-efficiently assess the magnitude of forest damage once

outbreaks have been detected in a forest region.

Keywords: Forest damage inventory, Forest health, Local pivotal method, Two-phase sampling for

stratification, double sampling

Résumé

Dans plusieurs pays, des inventaires de dommages forestiers spécialement congus sont utilisés dans des
régions avec dommages potentiels ou soupgonnés. Dans la présente étude, nous évaluons une nouvelle
approche pour les inventaires de dommages forestiers ou des données auxiliaires sont utilisées pour la
sélection de I’échantillon en utilisant la méthode du pivot local d’échantillonnage. Cette approche

permet d’obtenir un échantillon qui est bien réparti dans I'espace des variables auxiliaires. Nous avons
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utilisé des simulations Monte Carlo pour évaluer si cette méthode donne des estimés plus précis
comparativement a d’autres méthodes communes. Les évaluations ont été faites en utilisant différents
scénarios de dommage et différentes relations simulées entre les données auxiliaires et le dommage
réel. La méthode du pivot local s’est avéré plus efficace que I'échantillonnage aléatoire simple pour tous
les scénarios et, dépendant de la répartition de I’échantillon et des propriétés des données auxiliaires,
elle surpassait parfois I’échantillonnage a deux phases pour stratification. En somme, la méthode du
pivot local peut étre un outil de choix pour I’évaluation efficace de 'amplitude des dommages forestiers

lorsque des épidémies ont été détectées dans une région donnée.

Introduction

The world’s forests provide numerous ecosystem services (e.g. Mery et al. 2005). However, concerns
have been raised that the world’s forests are under increasing stress due to global change (Trumbore, et
al. 2015). One example is stress to forest trees due to heat and drought (Allen, et al. 2010) which may
increase forest damage (Dale et al. 2001), thereby potentially limiting the forests’ capacity to provide
ecosystem services (Mery et al. 2005). As part of responsible forest management, many countries have
developed forest health monitoring schemes for identifying and investigating potential threats to the
forest resource, e.g. USA (Bennett and Tkaz 2008), Australia (Carnegie 2008), Sweden (Wulff et al. 2012)
and Norway (Aamlid et al. 2000). In many cases the schemes include some form of aerial detection
survey or sketch-mapping (e.g. Backsen and Howell, 2013), and the usefulness of remotely sensed data
is increasingly acknowledged (Hall et al. 2016). In addition to detecting the presence of damage, there is
often a need to identify the damaging agent and to accurately quantify the extent of damage for
informed decisions (Wulff et al., 2012). This usually requires data obtained from field inventories,
whether it is used for training or validating a model to map the extent of damage, or for producing a

statistical estimate (e.g. the number of damage trees, or affected volume/area). It is important to have
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reliable information for which the uncertainty can be specified. Therefore, estimates based on design-
based inference are often required (Ferretti, 2009). In a study by Roberge et al (2016) it was found that
great gains in precision can be obtained with two-stage-sampling for stratification, using existing
national forest inventory plots as a first phase. Moreover, using forest damage maps for post-

stratification improved the precision further.

There is ongoing work in the field of mathematical statistics where new sampling methods that utilize
auxiliary variables for selecting samples are being developed. A sample that is well spread, i.e. balanced
in the auxiliary space, provides a good representation of the sampled population (Grafstrém and Schelin
2013, Grafstrom and Lundstrém 2013) and thus results in precise estimates of the target parameter in
case there is a strong relationship between the target variable and the auxiliary variables. The local
pivotal method (LPM) was introduced by Grafstrom et al. (2012). The LPM utilizes distance in the
auxiliary space to identify similar units that compete for inclusion in the sample. In that way the LPM
avoids selection of nearby units and forces the sample to become well spread. It has recently been
evaluated in the estimation of forest variables such as basal area, standing volume and mean height
(Grafstrom and Ringvall, 2013, Grafstrom et al. 2014). The LPM method of sample selection is now

available in the R (R Core Team 2016) package BalancedSampling (Grafstrom and Lisic, 2016).

The aim of this study was to provide a first test of LPM in the context of forest damage inventory. For
comparison, two well-known baseline methods were also evaluated: simple random sampling (SI) and
two-phase sampling for stratification (2PS) with a systematic random sample (SYS) in the first phase and
stratified random sampling (STSI) in the second phase. Here, two strata were used for the STSI: grid-cells
classified as damaged or undamaged. With the LPM method, the samples were spread geographically
and in the space of auxiliary data. The efficiencies of the three different sampling strategies were

compared through Monte Carlo simulation, using simulated forest damage populations of spruce bark
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beetle (Ips typographus) and simulated auxiliary data in the form of damage tree counts, mimicking
auxiliary data that could be obtained from, e.g., interpretation of aerial photos or a systematic
helicopter inventory of each grid-cell in an area of interest. Remotely sensed data for directing the
sample selection might also be obtained from other sources; such as digital color-infrared aerial
photographs (Murtha and Wiart 2010), high resolution satellite imagery (Hais et al. 2009), satellite radar
(Ortiz et al. 2013), airborne laser scanner data (Solberg 2010) or hyperspectral imaging (Nasi et al. 2015).
For good back-ground and reviews of remote sensing of forest damage we refer to Hall et al. (2016),

Rullan-Silva et al. (2013) and Ciesla (2000).

Materials and Methods

The different sampling strategies were applied for estimating the number of damage trees in four
different simulated populations of bark beetle damage. We used a quadrat-shaped area of interest (AOI)
located in the Swedish county of Vasternorrland (cf. Roberge et al. 2016) to represent a typical
municipality of 900 km?, divided into 1,200 x 1,200 grid-cells of 25 x 25 meters each. The AOl had a
forest cover of 80% and comprised 13,870 forest stands in the segmented kNN-Sweden data (Reese et
al. 2003) used for simulating the damage populations (Figure 1, Table 1). The auxiliary data used for the
sample selection were the spatial coordinates (XY) of the grid-cells, damage tree counts (DTC, i.e.
numbers of detected damage trees in grid-cells), and grid-cells classified as containing damage trees (D)
or not (a binary variable). The 2PS and LPM designs start with a first-phase large systematic sample for
which XY, DTC, and D auxiliary data were made available (the first phase sample sizes are 10,000 and
3,600). Second phase samples were drawn (with sample sizes 50, 100, 150 and 200), using either LPM or

STSI, from this systematic sample.

Sl does not use any of the auxiliary information and the sample is selected entirely at random from the

population of grid-cells. For the 2PS design we used the D auxiliary data for partitioning the first-phase
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sample selected from the AOI into two strata. In each stratum, Sl sampling was applied. LPM was used

with equal probabilities, including grid-cells where no damage was detected (DTC=0).

Inventory strategies

The true number of damage trees in the AOl is the sum of damage trees over all grid-cells in the area:

(1) Y =3,y
where N is the total number of grid-cells in the AOI and y; is the number of damage trees in grid-cell i.

The baseline inventory methods are two commonly used sampling designs: Sl from the whole AOI, and
2PS, which utilizes the auxiliary information in sample selection. The two baseline methods were
compared with LPM, which uses multiple auxiliary data sources for the sample selection. 2PS has been
frequently applied in forest damage inventories over the years (Lucas 2009, Roberge et al. 2016). Both
LPM and 2PS were based on an initial systematic sample of n, grid-cells spread in geographical (XY)
space. For the grid-cells sampled in the first phase, auxiliary data (XY, DTC and D) were made available.
From the first-phase sample a second-phase sample was selected using LPM or STSI designs. The LPM
spread the second phase sample in the XY and DTC auxiliary data spaces with equal inclusion
probabilities (in this application). The 2PS design used the D auxiliary space to apply STSI sampling in the
second phase, with predetermined sample sizes. In STSI, 20 or 40% of the sample was allocated to the
strata without detected damage and the rest of the sample to the stratum where DTC 2 1 (i.e. D=1). The
two different allocation principles were selected in order to assess whether a larger or a smaller
proportion of the sample should be selected in the stratum without detected damage, although in both
cases the majority of the plots were allocated to the stratum with detected damage. This led to two sets
of results for the 2PS design denoted ‘2PS_20’ (20%) and ‘2PS_40’ (40%). For both 2PS and LPM we
investigated the impacts of different errors in the auxiliary data, in the form of errors of omission and

commission of different sizes.
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Estimators
We used the m*-estimator (Sdrndal et al. 1992, p. 348) where each included grid-cell value is divided by

its inclusion probability. This results in the regular HT-estimator for the population total, for LPM:

~ N —
(2) Yipm = _1%2?:1 yi = Nys

n

where N is all grid-cells, n is the first-phase sample size and n is the sample size selected in the second
phase. The mean, y is the sample mean from the second phase (S2) sample. For the 2PS design (Sarndal

et al. 1992, p. 353) we used the following estimator for the population total

~ H _ ~
(3) Yops = N X34 WanVsn = Nyy

where wg;, = ny;/nq (i.e. the relative size of stratum h in the first phase sample), and y , the mean of

the value of interest within stratum h. In this application only two strata were used (Hg;=2). The

estimated mean over all grid-cells (U) in the AOI is denoted Y.

For the Sl design the following estimator for the population total was used
5 _ Ngan -

(4) Yo = —Xiz1yi = NJs

Variance estimation
The variance of samples that are well-spread in auxiliary space can be estimated by applying the

following estimator:

T[]'.

2
o (9 1 i Vi
(5) Vos(Yopm) = S Lies (z—L - _]>

where j; is the nearest neighbor to i in the realized sample, i.e. the nearest neighbor in terms of the

auxiliary space in which the sample is balanced (see Grafstrém and Schelin 2013). In addition a variance
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estimator by Deville (1993), which also estimates the variance of an estimator without second order

inclusion probabilities, was applied:

2
V(Y 1 i Vi
(6) Vo (Pipm) = 15—z Zies(1 — 1) (Z—l — Yjes —j)

2
ies A; 7T

Where a; = (1 — ni)/ZjES(l — nj) and s refers to the selected sample. For variance estimation of the
baseline designs (Sl and 2PS) we refer to standard estimators provided in textbooks (e.g., Sdrndal et al.

1992, p. 353 for 2PS and p. 68 for SI).

Simulated damage populations

Damage populations were simulated with different spatial patterns and damage intensities to resemble
damage caused by the spruce bark beetle (/ps typographus) at different intensities. The forest landscape
was simulated using kNN-Sweden (Reese et al. 2003). First, two populations were simulated: one where
damage incidence is highly dependent on spruce volume (IPS), and another where this dependence is
less strong and the incidence of damage is less frequent (IPSALT). Details of these populations are
described in Table 1 and Roberge et al. (2016). Two additional populations were introduced to cover
important cases with a spatial trend in the number of damaged trees in affected pixels, with lower
intensities of damage trees towards the edges of the municipality for IPSS and IPSALTS. These new
damage populations were based on new realizations of IPS and IPSALT. Using the following functions,
the frequency of damage trees was made more concentrated in the center of a chosen epicenter and

decrease away from it:

(7) fOoy) =g)*g(y)

Where x and y are the center coordinate of each grid-cell, and

(72) g0 =1~ (%)

where wx was set to 1600000, a coordinate within the AOI, and Ix = X0 — Xmin

https://mc06.manuscriptcentral.com/cjfr-pubs
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_ 1 (ly—wyl
(7b) g =1-(452)
where wy was set to 7035000, a chosen coordinate within the AOl and ly = V0 — Ymin-

Eq. 7 returns values between 0.29 and 1 for each grid-cell (i.e. for each grid-cell coordinate x and y)
creating a diamond shaped area with the highest numbers close to the chosen center coordinates. The
values from this raster layer were multiplied with the realized numbers of damaged trees in the baseline
scenarios described by IPS and IPSALT (Roberge et al. 2016). The results (in terms of number of damage
trees) were rounded upwards. The resulting damage layer has higher damage tree counts near the

epicenter (wx, wy).

Simulated auxiliary data

DTC data layers were simulated with different errors. They had detection and false-detection
probabilities equal for the whole municipality as described in Roberge et al. (2016) for the IPS scenarios.
These data layers correspond to classified remote sensing (RS) data, or the results of photo
interpretation or helicopter inventory. In this study, however, we used only the data available for the
first-phase grid-cells. The different combinations of detection probabilities and commission errors were
named with a number corresponding to the detection probability (90%, etc.) and a suffix providing the
level of commission error (L for 0.001 and H for 0.05). Hence, DTC90L and DTC90H refer to 90 %

detection and the lowest and highest probabilities of commission error, respectively.

Monte Carlo Simulations

For comparing the sampling strategies, Monte Carlo simulation was applied in the AOI for the different
populations. All estimators that we used are unbiased for the population totals (Table 1) and thus the
mean of estimated values approaches the true totals as the number of repetitions increases. The

empirical relative standard deviation (ERSD) of the estimators was calculated as:

1 M 5
~ M Zm: (ym_y)Z
(8) ERSD(Y) = Y 2m=

Y
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Where Y is the true population total and ?m is the estimated value from the m:th repetition of the M
repetitions. In order to evaluate the variance estimators we also calculated the ratio (R) of the empirical
mean of each variance estimator to the empirical variance of the estimator:

2 2m=1 7 (PLpa)m
“ A ST
M &4m=1-m
Simulations, analysis and visualizations were made with R (R Development Core Team 2016), using the R
packages raster (Hijmans 2014), rgdal (Bivand et al. 2014), rasterVis (Perpinan Lamiguero and Hijmans

2014), data.table (Dowle et al. 2014), ggplot2 (Wickham 2009), sampling (Tillé and Matei 2014) and

BalancedSampling (Grafstrém and Lisic 2016).

Results

LPM resulted in a more even ERSD (across the different populations, auxiliary data, and sample sizes)
compared to the 2PS design, and the ERSD for LPM was consistently lower than the ERSD for the SI
design (figure 2 and 3, table 2). For good auxiliary data with appropriate allocation, the 2PS design

resulted in the lowest ERSD.

ERSD from Sl sampling in IPS was close to the ERSD from Sl sampling in IPSS. Only at small sample sizes
did the slightly smaller population variance of the IPSS lead to a slight difference in the ERSD when the
two were compared for Sl design. The other “twin” populations (IPSALT and IPSALTS) were also similar in

ERSD and followed a similar pattern.

LPM applied to the two populations with most damage (IPS and IPSS) also resulted in similar ERSD, i.e.
the ERSD from LPM sampling in IPS only differed slightly from the ERSD from LPM sampling in IPSS, with
the same sample size and auxiliary data. LPM and the best auxiliary data scenario resulted in lower ERSD
from sampling the IPSS population relative to the IPS population with the same estimator and auxiliary

data for all sample sizes. The same pattern was found for the LPM design in IPSALT and IPSALTS: again,

10
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the ERSD was lower for accurate auxiliary data and for the population with spatial trend, and for the

population with lower true population variance.

For the 2PS design, there was a large difference in ERSD between the different types of auxiliary data.
The best auxiliary data resulted in large improvements of the ERSD relative to the worst auxiliary data.
With poor auxiliary data the ERSD was higher than the ERSD of the LPM, and in some cases S| performed
almost as well as 2PS. For a different, more even allocation, the ERSD from 2PS was lower, but the
accuracy of the auxiliary data still made a difference. The improvement with better auxiliary data was

more pronounced in the IPSS and IPSALTS damage population scenarios

The Deville estimator (VD) for ?LPM overestimated the variance (Table 3). The ratio (R) was 1.7-4.7
compared to the empirical variance. The Grafstrom-Schelin variance estimator (1765) worked very well in
all scenarios and auxiliary data combinations, with a mean estimated variance to empirical variance ratio

(R) of approximately 1.

11
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Discussion

Generally, aerial detection surveys or aerial photo interpretation of damage over affected areas need to
be performed when the damage is visible, but preferably before it has had time to spread further
(Backsen and Howell 2013). This is the case also when other kinds of remote sensing data are used (e.g.
Hall et al. 2016). In forest damage inventories, especially when a new outbreak has been noted and
there is a need to acquire information for decisions on, and support for, potential mitigation strategies,
the time available for setting up the inventory is often limited and the inventory needs to be performed
quickly (e.g. Backsen and Howell 2013). For efficient mitigation of bark beetle outbreaks it is important
to quickly localize affected trees, while the beetles of the next generation are still under the bark of the
recently killed trees (Lindeléw & Schroeder 2008). These trees are often called “green attack trees”, and
are difficult to detect accurately at this stage (Wulder et al 2009). Remotely sensed data about green
attack trees, or data on forest vitality from remote sensing, may not be appropriate for direct
application in mitigation schemes (e.g. Lausch et al. 2013). However, such data may be useful for
efficiently spreading the sample for a forest damage inventory, especially since it is possible to select a
sub-sample from a first-phase sample of auxiliary data (e.g. utilizing high spatial and spectral resolution
data obtained for a sample of the AOI). Since the correlation between this type of data and actual bark
beetle damage may be low, utilization in 2PS sampling may not be efficient due to poor classification
accuracy (Figure 2 and 3). However, the LPM is less sensitive to such problems since the method does
not rely on using the auxiliary information for classification but only for obtaining an efficiently spread
sample in the space of the auxiliary variables. Using the LPM it is possible to utilize other types of
auxiliary data as well, such as map layers with estimated spruce volume, which may be correlated with
spruce bark beetle damage (Kdrvemo et al. 2014). Such combinations of auxiliary data contribute to

efficiently spread the sample using LPM and thus result in improved estimates.

12
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The spruce bark beetle is one of the most important forest pests in Europe (Schelhaas, Naaburs &
Schuck 2003), and the most important damaging insect on Norway spruce in northern Europe (Weslien
1992). For example, it killed approximately 3 million m® of spruce in southern Sweden following two
large storms in 2005-2006, causing additional losses for many forest owners (Langstrém et al. 2010). In
such a situation it may be important to add as small additional costs as possible to the losses already
incurred, and thus it could be important to keep inventory costs low while still obtaining relevant

information for the mitigation activities (e.g. Herrick 1981).

Studying the results obtained from the 2PS design, there was a large difference between the ERSDs from
using different kinds of auxiliary data and, more noticeably, there was a large difference in the ERSD of
the estimator depending on the allocation of the second phase sample. Poor auxiliary data resulted in
higher ERSD, especially for the scenarios where there was a spatial trend in the damage intensity of the
sampled population (i.e. IPSS and IPSALTS). This is interesting since these populations had lower
population variance in comparison to their twin versions. Hence, these results in terms of ERSD were
solely dependent on the spatial difference between the two populations. This volatility was especially
pronounced in scenarios where a large part of S2 was allocated to the stratum with detected damage
trees. However, when the auxiliary information was good and the allocation adequate, 2PS

outperformed LPM in terms of ERSD.

While not pursued in this study, the performance of LPM might be improved upon if the auxiliary
information is used for modifying the inclusion probabilities in LPM (e.g. two-phase for stratification
LPM sampling, or by letting the inclusion probabilities be proportional to the numbers of damage trees
in the auxiliary data). In this case it is likely that LPM would have outperformed 2PS with STSI. However,
our application of LPM was straightforward and it is interesting to see how much it improved the

precision of the estimates compared to the Sl design.

13
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In general, this study resulted in higher ERSDs than those obtained in Roberge et al. (2016), where 2PS
was used as well. However, an important difference is that in the current study we did not assume any
prior knowledge of the domain of interest (i.e. the population susceptible to the damage); in Roberge et
al (2016) such information was available from previously surveyed national forest inventory field plots.
Also, Roberge et al. (2016) showed that wall-to-wall remotely sensed data and post-stratification

improved the precision of estimates further.

For variance estimation, two different variance estimators were applied to the LPM-estimator. The
Deville estimator for ¥; p,; overestimated the variance (table 3), while the Grafstrom-Schelin variance
estimator worked very well in all scenarios and auxiliary data combinations. The Deville estimator
assumes a high level of randomness in the sample selection and thus worked well for Sl samples.
However, it does not exploit the induced stratification effect by the LPM which results in a conservative
variance estimation for such designs. The Grafstrom-Schelin variance estimator is tailored for well-
spread samples and has previously been shown to sometimes slightly overestimate the variance for

large samples for volume estimates (Grafstrom and Ringvall, 2013).

Results from LPM stand out as consistently better then Sl, and relatively unaffected by different kinds of
auxiliary data when compared with the 2PS design. In addition, there is great practical advantage in
avoiding the division into strata and the decision on sample allocation between strata — these issues can
be avoided if the LPM is applied. The two-phase design was used in order to speed up the sample
selection with the LPM algorithm. In this study there was no difference in the precision depending on
the size of the first phase sample. However, it can be noted that large first-phase samples would
increase the cost of LPM and 2PS relative to the cost of SI where only the cost of the field-campaign is
incurred. This way of spreading the sample, applying the LPM in a two-phase strategy, may be indicative

of the competitiveness of LPM in continuous sample selection or for application to larger areas. With

14
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307  this two-phase application it could be used in a continuous approach where unprocessed data from
308 point clouds (i.e. from ALS or photogrammetric matching of digital aerial images) can be utilized in a first
309 phase. so while the LPM could utilize the unclassified data space from remotely sensed data together
310  with other auxiliary GIS-information that may be correlated with the damage event of interest (e.g. GIS
311 layers of elevation, temperature or precipitation) to select a balanced sample, the 2PS needs processed
312  data with readily available classifications for the stratification. l.e. the LPM could potentially use data
313  with less processing to select a sample that is balanced in the auxiliary space, and hence there is less
314  need for extensive data processing/modeling or classification procedures in order to utilize the

315 information for designing the inventory than would be the case for applying, for instance, STSI or 2PS
316 sampling designs. In addition to practicality, auxiliary data spaces from different remote sensing

317  techniques could be much better than what was examined here, containing more information than the
318 classified data we used in this study. If for instance the variable to estimate had been the damaged

319 volume, first return data or highest point-cloud information would have been correlated with the

320 volume, thus further improving the LPM’s performance.

321 Overall, 2PS sampling is a competitive and efficient means of utilizing auxiliary information in selection.
322 With good auxiliary information, it is possible to choose a good allocation and sample 2PS with good

323 results, but this may be difficult when the information is flawed, and its true state is unknown.

324  For variance estimation it is advisable to utilize the V5 estimator (eq. 5).

325 In conclusion the LPM has been shown to be a better choice than Sl in all cases evaluated. Considering
326  that more auxiliary data sources could potentially be utilized, LPM stands out as a straightforward

327 approach to use such data to improve forest damage inventories.
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Table 1. Number of damage trees (y) and affected grid-cells (1/0) in the simulated populations.

IPSS IPSALT IPSALTS

1/0 y 1/0 y 1/0 y 1/0 y
True Total 282x10°  846x10°  282x10°  662x10° 167x10° 502x10° 171x10°  396x10’
Mean 0.20 0.59 0.20 0.46 0.12 0.35 0.12 0.27
o 0.40 1.34 0.40 1.05 0.32 1.07 0.32 0.83
Maximum 1 12 1 10 1 12 1 10
Minimum 0 0 0 0 0 0 0 0
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Table 2. Empirical relative standard deviations in % over 1 000 repetitions.

n, =3 600 n,=10 000
Population Aux.data Design 1n,=50 n,=100 n,=150 n,=200 n,=50 n,=100 n,=150 n,=200
IPS DTC60H LPM 22 16 13 12 23 16 13 11
2PS_40 21 15 12 10 22 15 12 11
2PS_20 25 19 16 13 25 19 15 13
DTC60L LPM 20 14 11 10 20 14 11 10
2PS_40 20 13 11 10 20 13 11 10
2PS_20 26 18 15 13 25 17 14 13
DTC90H LPM 20 14 12 10 21 14 11 10
2PS_40 15 10 9 7 15 11 9 7
2PS_20 15 11 9 8 15 10 8 7
DTCI0L LPM 18 12 10 9 18 12 10 8
2PS_40 11 8 7 6 11 8 6 6
2PS_20 11 9 7 6 12 9 7 6
IPSS DTC60H LPM 23 17 14 12 23 16 14 12
2PS_40 22 16 13 11 22 15 13 11
2PS_20 31 21 18 14 29 21 16 14
DTC60L LPM 20 13 11 10 19 13 11 9
2PS_40 21 15 12 11 21 15 12 11
2PS_20 30 21 16 15 29 19 17 14
DTC90H LPM 20 14 11 10 21 14 11 10
2PS_40 15 11 9 8 16 11 9 8
2PS_20 16 11 9 8 16 11 9 8
DTC90L LPM 17 11 9 8 17 11 9 8
2PS_40 12 8 7 6 11 8 6 6
2PS_20 13 9 8 7 12 9 8 7
IPSALT DTC60H LPM 32 23 19 16 33 23 18 16
2PS_40 30 21 16 14 29 20 17 14
2PS_20 37 23 20 18 34 25 20 17
DTC60L LPM 26 18 15 13 28 18 15 13
2PS_40 25 18 15 13 25 17 15 13
2PS_20 33 24 20 17 33 25 20 17
DTC90H LPM 28 20 16 14 28 19 15 14
2PS_40 19 14 12 10 19 14 11 10
2PS_20 19 14 11 10 20 14 11 10
DTC90L LPM 24 17 14 12 24 16 13 11
2PS_40 13 11 9 8 12 9 8 6
2PS_20 15 11 10 9 15 10 8 8
IPSALTS DTC60H LPM 33 22 19 16 33 23 19 16
2PS_40 30 20 18 16 33 22 18 15
2PS_20 39 27 23 20 41 26 22 20
DTC60L LPM 26 19 15 13 26 17 15 12
2PS_40 28 21 16 14 30 19 18 14
2PS_20 42 28 24 19 39 28 23 19
DTC90H LPM 28 20 16 14 27 20 16 14
2PS_40 20 15 12 10 20 14 11 10
2PS_20 20 16 13 10 21 14 11 10
DTC90L LPM 23 15 12 10 22 15 12 10
2PS_40 13 10 9 8 14 9 7 7
2PS_20 19 12 11 10 16 11 11 8

Note: ERSD below 10% are in bold text and above 25% are cursive.
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487  Table 3. Ratio of mean VGS(?LPM) and mean VD(?LPM) to empirical variance over 1 000 repetitions.

n, =3 600 n,=10 000
Population  Aux.data n,=50 n,=100 n,=150 n,=200 n,=50 n,=100 n,=150 n,=200
IPS DTC60H Vg 1.1 1.0 1.0 0.9 1.0 0.9 1.0 1.0
Up 21 21 21 1.9 1.9 1.9 2.0 21

DTC60L Vs 1.0 1.0 1.0 0.9 1.1 1.0 1.0 0.9

Up 2.5 2.7 2.8 2.6 2.6 2.7 2.9 2.8

DTC90H Vg 0.9 1.0 0.9 1.0 0.8 0.9 1.0 0.9

Up 2.6 2.9 2.6 2.7 25 2.7 2.8 2.5

DTC90L Vg 1.0 1.0 1.0 1.0 1.0 1.1 1.0 1.1

Vp 3.3 3.5 3.3 3.6 3.2 3.7 3.6 4.1

IPSSS DTC60H Vg 1.0 1.0 1.0 0.9 1.1 1.0 1.0 0.9
7p 1.9 1.8 1.9 1.8 1.9 1.9 1.9 1.8

pTC6OL Vs 1.1 1.0 0.9 0.9 1.1 1.1 1.0 1.0

7p 2.8 2.9 2.7 2.7 2.8 2.9 2.7 2.9

DTC90H Vg 1.0 0.9 1.0 1.0 0.9 1.0 1.0 1.0

7 2.6 2.6 2.7 2.8 25 2.7 2.9 2.7

DTC90L Vg 1.1 1.1 1.0 0.9 1.2 1.1 1.0 1.0

Vp 3.5 4.2 4.1 4.1 3.8 4.1 4.3 4.4

IPSALT DTC60H Vs 1.0 0.9 0.9 1.0 1.0 0.9 1.0 1.0
1 1.9 1.8 1.8 1.9 1.8 1.7 1.9 1.9

DTC60L Vs 1.1 1.0 1.0 0.9 1.0 1.1 0.9 0.9

7 2.9 2.8 2.8 2.9 25 3.0 2.8 2.9

DTC90H Vs 0.9 0.9 0.9 0.9 0.9 1.0 1.0 0.9

7 2.5 2.5 2.5 24 2.5 2.6 2.7 2.5

DTCOL Vs 1.0 0.9 0.9 0.9 1.0 1.1 1.0 1.0

Vp 3.4 3.2 3.3 3.5 3.3 3.7 3.8 3.9

IPSALTS DTC60H Vs 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.1
7p 1.7 1.8 1.7 1.7 1.7 1.7 1.7 1.9

DTC60L Vs 1.1 0.9 0.9 0.9 1.2 1.1 1.0 1.0

7p 2.7 2.5 2.5 2.7 2.9 3.1 2.9 3.0

DTC90H Vs 0.9 1.0 1.0 0.9 1.1 1.0 1.0 1.0

7p 2.3 2.4 24 2.3 2.6 24 2.5 25

DTCOL Vs 1.0 1.0 1.0 1.0 1.1 1.1 1.0 1.1

7, 3.6 4.0 4.2 4.3 3.9 4.3 4.5 4.7

488  Note: R <0.8 and R < 1.2 are marked in bold font.
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Figure 1. 900 km? landscape with simulated true numbers of damage trees for the four damage
populations a. IPS, b. IPSS, c. IPSALT, d. IPSALTS and e. true spruce volume layer from which damage

were simulated.

Figure 2. ERSD for n;=10 000 and all combinations of damage, sample size, sampling strategy and

auxiliary information used. ERSD for Sl is included as a straight line.

Figure 3. ERSD for n4=3 600, and all combinations of damage, sample size, sampling strategy and

auxiliary information used. ERSD from Sl design in straight line across.
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500 Appendices

501

502 Table A1. ERSD of Sl for each damage scenario and sample size.

Sample size 50 100 150 200
Damage IPS 32% 23% 18% 16%
IPSALT 45% 30% 24% 21%
IPSALTS 43% 29% 25% 22%
IPSS 33% 23% 18% 16%
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Table A2. Actual sensitivity of simulated auxiliary spaces — True positive rates (ie. DTC 1-1,2-2,3-3 etc, but for D: 1-1/0-0))

Damage Auxiliary data  Sensitivity Sensitivity
Population (exact DTC) (D)
IPS DTC9O0L 0.925 0.983
IPS DTC90H 0.925 0.983
IPS DTC60L 0.604 0.880
IPS DTC60H 0.604 0.880
IPSS DTCO0L 0.919 0.974
IPSS DTC90H 0.920 0.975
IPSS DTC60L 0.582 0.828
IPSS DTC60H 0.583 0.830
IPSALT DTC9O0L 0.925 0.983
IPSALT DTC90H 0.925 0.983
IPSALT DTC60L 0.607 0.881
IPSALT DTC60H 0.603 0.879
IPSALTS DTC9O0L 0.923 0.975
IPSALTS DTC90H 0.923 0.975
IPSALTS DTC60L 0.590 0.830
IPSALTS DTC60H 0.586 0.829
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