Imputation and Model-Based Updating
Techniques for Annual Forest

Inventories

‘ Ronald E. McRoberts

. ABSTRACT. The USDA Forest Service is developing an annual inventory system to establish the
capability of producing annual estimates of timber volume and related variables. The inventory system

. features measurement of an annual sample of field plots with options for updating data for plots
measured in previous years. One imputation and two model-based updating techniques are described
.and evaluated with respect to the bias and precision of their annual estimates of basal area per unit
“area. The evaluations indicate that simple plot-level imputation and model-based updating techniques
produce adequately unbiased and precise estimates of annual mean basal area per unit area for large

areas. For. Sci. 47(3):322-330.

Key Words: Growth models, remote sensing, simulation.

Planning Act of 1978 requires that the USDA Forest

Service conduct inventories of forestland to deter-
mine its extent and condition and the volume of standing
timber, timber growth, and timber removals. The U.S. Agri-
cultural Research Extension and Education Reform Act of
1998 further requires that the Forest Service conduct annual
.- forest inventories in all states, measuring 20% of the plots in
each state each year.

Forest Inventory and Analysis (FIA) precision standards
(USDA FS 1970) require a sampling intensity of 1 plot for
approximately every 2,428 ha. To satisfy this requirement,

the _gebgraiphical sampling hexagons established for the For-
" est Health Monitoring Program (White et al. 1992) were
divided into 27 smaller FIA hexagons, each containing ap-
proximately 2,403 ha. An equal probability sample of field
plots, designated the federal base sample, was constructed by
" establishing a plot in each FIA hexagon (Brand et al. 2000).
The federal base sample was systematically divided into five
interpenetrating, nonoverlapping panels (Figure 1). Each
year, the plots.in a single panel are selected for measurement,
and panels are selected on a 5 yr, rotating basis.
At least three approaches to calculating annual FIA esti-
mates using data acquired from the federal base sample have
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been considered (McRoberts 1999). The simplest approach is
to use the data from the 20% panel of plots measured in the
current year. Although the resulting estimates would reflect
current conditions, their low precision may be unacceptable
for some variables due to the small annual sample size. A
second approach is to use the most recent data for all plots,
i.e., the five most recent panels of measurements, and employ
amoving average estimator. The advantage of this approach
isthat precision is increased because data for all plots are used
for estimation; the disadvantage is that the estimates reflect
a moving average of conditions over the past 5 yr and may
seriously trail current conditions in the presence of time-
based trends. A third approach is to update to the current year
data for plots measured in previous years and then base
estimates on the data for all plots. If the updating procedure
is unbiased and sufficiently precise, this approach provides
nearly the same precision as using all plots but without the
adverse effects of using out-of-date information.

The objective of the study was to demonstrate that an
approach to annual inventory estimation that uses simple
updating techniques is a feasible, unbiased, and precise
alternative; the objective was not necessarily to develop
updating techniques with the greatest optimality, preci-
sion, or explanatory power. Two categories of updating
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Figure 1. The hexagon-based, interpenetrating FIA sampling

~ * design for Waseca County, Minnesota.

techniques, imputation and modeling, are of general inter-
est and were evaluated with respect to the quality of basal
area per unit area estimates using a database of annual tree
information. Although basal area is only one of several
inventory variables of interest, similar results would be
expected for variables highly correlated with basal area
such as volume and stems per unit area.

Annual Database

The database of annual tree information was constructed
using individual tree observations obtained from the 5,287
timberland plots measured in both the 1977 (Spencer 1982)
and 1990 (Miles et al. 1995) USDA Forest Service periodic
inventories of Minnesota. These plots represented approxi-
" mately 5.95 million ha of timberland, defined as forestland

capable of producing at least 1.40 m3/ha/yr of industrial
wood crops under natural conditions (Miles et al. 1995). Plots
included in the 1977 inventory were actually measured be-
tween 1974 and 1978; plots included in the 1990 inventory
were actually measured between 1986 and 1991. Thus, the
time interval between measurements for some plots was less
than 10 yr. Because the intent was to construct a database
. consisting of 10 yr of growth, plots with remeasurement
intervals of less than 10 yr were excluded, leaving 4,855 plots
~on which there were 100,897 trees.
Plots measured for the 1977 and 1990 Minnesota invento-
" ries consisted of 10 subplots described as variable radius
plots due to the use of point sampling techniques. With these
 techniques, trees are selected with probability proportional to

cross-sectional area rather than proportional to the frequency
of occurrence in the population (Myers and Beers 1971).
With point sampling, the number of trees in the population
represented by a sample tree, termed the tree factor, is
calculated as a scaling constant divided by the square of the
tree diameter. Tree factors are used to expand the measured
attributes of sample trees to per unit area estimates.

Based on observations of individual trees with diameters
at breast height (dbh ) (1.37 m above ground) of at least 12.7
cm, an 11 yr database was constructed. The database con-
sisted of annual dbh and annual survival, ingrowth, mortality,
or harvest status of each tree. To construct the database, total
growth between inventories was distributed over varying
numbers of years for individual trees in each of four catego-
ries: (1) survivor trees alive at both inventories, (2) ingrowth
trees that attained the 12.7 cm minimum dbh between inven-
tories, (3) mortality trees that died between inventories due to
causes other than harvest, and (4) harvest trees that were
harvested between inventories. For each survivor tree, aver-
age annual dbh growth was calculated by dividing the total
dbh growth over the measurement interval by the number of
years between measurements. Measured dbh for the 1977
inventory was assigned to year 0, and dbh’s for the 10
subsequent years were calculated by adding the average
annual growth to the previous year’s dbh. Because ingrowth
trees were measured only in the 1990 inventory, dbh mea-
surements for those trees were assigned to year 10, and dbh’s
for previous years back to year 0 were sequentially estimated
by subtracting predictions of annual dbh growth obtained
from individual tree growth models (Lessard et al. 2001)
from the current year’s dbh. Ingrowth status for these trees
was designated in the year the tree attained the 12.7 cm
minimum dbh. For trees that died due to causes other than
harvest, a year of mortality between 1 and 10 was randomly
selected and assigned to the tree independently of years of
mortality assigned to other trees on the plot. For harvested
trees, a year of harvest was randomly selected and as-
signed to all harvested trees on the plot. For both mortality
and harvest trees, measured dbh for the 1977 inventory
was assigned to year 0, and dbh’s for subsequent years up
to the year of mortality or harvest were calculated by
adding previous year’s dbh and predictions of annual
growth obtained from the individual tree diameter growth
models. Although these procedures create greater unifor-
mity in annual dbh growth than would be observed, the
effects of differences between actual and calculated growth
are expected to have minimal impact on evaluations of the
updating techniques. Alternatives would require either
annual remeasurement or destructive sampling of all trees.

Evaluations of the updating techniques were based on plot
basal area per hectare (BA), a variable representing the sum,
scaled to a per hectare basis using tree factors, of the cross-
sectional areas of live tree boles at breast height. Calculation
of unbiased estimates of annual change in basal area per
hectare (ABA) is difficult using data from variable radius
plots (Van Deusen et al. 1986). For this evaluation, tree
factors corresponding to dbh’s for year 0 were calculated for
all trees and then held constant for the entire 10 yr interval.
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With the database of annual tree diameter values and these
tree factors, BA was calculated each year for each plot, and
ABA was calculated each year for each plot as the difference
between BA for the current and previous years.

Updatlng:Teclinlques

Although the use of updating techniques in forest inven-
tory is not well documented, it is not a new phenomenon. At
the Southern Research Station (SRS) of the USDA Forest
Service, data for inaccessible plots have been replaced or
imputed by substituting either data for a plot selected from the
same stratum or the stratum mean (Reams and Van Deusen
1999). At the North Central Research Station (NCRS) of the
USDA Forest Service, data for a proportion of well-estab-
lished, undisturbed FIA plots have been updated using the
STEMS (Belcher et al. 1982) individual tree survival and
diameter growth models (Miles et al. 1995). Whereas the
basis of the SRS updating techniques has been current,

-whole-plot quantities, the basis of the NCRS updating tech-
niques has been change in tree conditions since the last
inventory. NCRS envisions model-based updating as an
integral component of annual inventory systems and is devel-
oping a new set of survival and growth models specifically
designed for this purpose (McRoberts and Hansen 1999,
Lessard et al. submitted).

The basis for updating for this study was plot-level change.
Change, rather than current condition, was selected, because
plot BA at an initial time accounts for a very large proportion
of plot BA 5 yr later, except for newly regenerated plots.
Therefore, any bias or imprecision in the updating technique
affects only a small proportion of a 5 yr BA prediction.
Updating at the plot level, as opposed to the tree level, was

- - investigated to examine the feasibility, bias, and precision of

simpler procedures. One imputation and two model-based
updating procedures were investigated; all three were based

. on the assumption that ABA is related to BA at the end of the

previous year.

- The IMPUTE Approach
'An approach to dealing with plots that have been mea-
sured in a previous year, but not the current year, is to
consider their-current year observations as missing. Impu-
tation techniques address the missing observation prob-
" lem by seeking plausible and consistent replacement ob-
servations. Among the imputation techniques Sande (1982)
describes for selecting replacement observations, hotdeck
procedures select from a pool of current observations that
~ match prescribed attributes of the missing observations,
and nearest neighbor procedures select from a pool of
current observations that are only similar to the missing
observations with respect to the prescribed attributes.
-Rubin (1978) advocates multiple completions of the data
sets via imputation of missing observations to allow as-
sessment of the uncertainty in imputed variables and to
protect against extreme results. Van Deusen (1997) and
Reams and Van Deusen (1999) proposed using the impu-

tation techniques discussed by Sande (1982, 1983), Rubin

and Schenker (1986), and Rubin (1987) for replacing
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missing inventory observations. Reams and McCollum
(2000) reported on the use of hotdeck imputation for
replacing missing observations of plot-level merchantable
volume per unit area.

Forthisinvestigation, a variation of the single-imputation,
nearest neighbor approach was used to update BA for plots
measured in previous years. The procedure consisted of three
steps: (1) plots measured in the current year were placed into
similarity groups with respect to previous year’s BA; (2) each
plot measured in a previous year was matched to a group of
similar plots measured in the current year; and (3) a ABA
value from the group of similar plots measured in the current
year was selected to replace the missing observation for the
plot measured in the previous year. The groups were created
by first ordering all plots measured in the current year with
respect to previous year’s BA and then creating groups of 20
consecutive plots beginning with the plot with the lowest
previous year’s BA. Individual plots measured in previous
years were then matched to a group of plots measured in the
current year on the basis of previous year’s BA, whether
previous year’s BA was obtained as a measurement or as an
updated estimate. For each plot measured in a previous year,
a plot was randomly selected with replacement from the
group of 20 similar plots, and the latter plot’s average ABA
since last measurement was imputed as current ABA to the
former plot. This imputation approach used 5 yraverage ABA
as a surrogate for current ABA, was expected to produce
unbiased estimates of BA means across all plots, and is
hereafter described as IMPUTE.

The PREDICT Approach

Two model-based updating techniques were also investi-
gated. For each modeling technique, ABA for a plot was
assumed to be related to both BA at the end of the previous
year and to the current survival, ingrowth, mortality, or
harvest status of trees on the plot.

For the first model-based updating technique, the annual
status of trees was used to place all plots into one of three
categories: (1) survival: no mortality or harvested trees; (2)
mortality: at least one mortality tree, but no harvested trees;
and (3) harvest: at least one harvested tree. Because the
annual survival, mortality, and harvest status of plots will be
known only for measured plots, a technique was developed
for predicting the annual status of plots measured in previous
years with respect to these three categories. First, all plots in
the annual database were ordered by previous year’s BA and
then placed into groups of 250 consecutive plots beginning
with the plot with the lowest previous year’s BA. For the kth
group, the proportions of plots, Py o, Py e a0d Py, in
the survival, mortality, and harvest categories, respectively,
were calculated, and models were formulated:

E(Pk,surv) = exl:’(BlBAkBz ), (1a)
EPpmon) = exp(BsBA,P), (1b)

and
E(Py pary) = 1= E(F ury) — E(B mor)» (1c)



wﬁere E(.) denotes statistical expectation and BA, denotes
.the BA mean for the kth group. The parameters, 8, of [1a—c]
were estimated by maximizing the likelihood,

L=

N,

k n n n,
BC,SMW k..mrvl)k’mort 'k, mort Pk,harv 'k harv

k nk.surv nk,mort nk,harv

@

where N, = 250 is the total number of plots in the kth group
and M surv Mhomorr and Ny hary AT€ the numbers of survival,
mortality, and harvest plots, respectively.
For each of the three categories of plots, a model of the
- relationship between ABA and previous year’s BA was
formulated, and the model parameters were estimated
using regression techniques. Graphs of ABA versus previ-
ous year’s BA for the survival (Figure 2a) and mortality
plots revealed a series of bands of observations that corre-
sponded to ABA for the same net change in number of plot
trees. This effect is attributed to the observation that the
contribution to ABA of a single ingrowth or mortality tree
typically was much greater than the combined contribu-
tions to ABA of growth of surviving trees. Because sam-
pling on the 10 variable radius subplots was conducted
‘using an 8.61 m?/ha basal area factor (Spencer 1982, Miles
et al. 1995), the absolute value of the contribution to ABA
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Figure 2a. Observed basal area growth versus basal areafor plots
with no mortality or harvested trees (includes trees entering the
inventory).

»

of a single ingrowth or mortality tree is 0.86 m?/ha in year
0 and slightly more in subsequent years because of growth
of the tree (Myers and Beers 1971). Therefore, to simplify
the modeling approach, the net change in number of trees
for survival and mortality plots was determined and mul-
tiplied by 0.86 m?/ha, and the product was subtracted from
the net ABA for the plot. The relationships between the
resulting annual standardized change in basal area, ABA |
and previous year’s BA were graphed (Figure 2b), simple
models of the relationships were formulated, and the
model parameters were estimated—for the survival cat-
egory,

E(ABA,,) =B,[1-exp(B,BA)], (3a)
and for the mortality category,
E(ABA,,)=B, +B,BA +B,BAZ, (3b)

where E(.) is statistical expectation, and the B’s are param-
eters that were estimated using weighted nonlinear regres-
sion techniques.

Models of the relationships between net change in number
of plot trees and previous year’s BA were also formulated for
the survival and mortality categories. For the kth group, the
model for the probability, P surv, of j ingrowth trees for
survival plots was formulated as,

E(B, gum,;) =Bj1 +Bj2BA, +BjaBAk2a (4a
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Figure 2b. Standardized basal area growth versus basal are:
plots with no mortality or harvested trees. Standardized b
area growth is observed basal area growth minus the produ
annual change in number of plot trees and the basal area fa
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forj=0,1,2, or 3. Because the maximum number of ingrowth
trees never exceeded four in the observed data, the model for
Pk’ surv4 was formulated as

' EPesur4) =1~ EPe gur,0) = EPe surv,)

- E(Pk,surv,Z ) - E(ﬂc,surv,li) (4b)

. The parameters of (4a) were estimated by maximizing the
likelihood,

' 7 N,
L= I I k
= —_— K Pksu 0 Pk surv,0 o Pksu 4 Py surv,4
k ”k surv,0--- P, surv,4

: . )
where N, = 250 is the total number of plots in the kth group
and nk,surv 0° nk,surv 1’ nk,surv 2° nk,surv 32 and nk,surv 4 are the
numbers of survival plots with zero, one, two, three, and four
ingrowth trees, respectively. For the mortality category,

“similar models and techniques were used for estimating the

~net annual change in number of plot trees that ranged from
zero to four in the observed data.

For the harvest category, the relationship between ABA
and previous year’s BA was estimated directly using a simple
linear model,

E(ABA) =B, +B,BA ©)

with the parameters estimated using weighted linear regres-

sion techniques.
_ Graphs of the relationships betweenboth ABA and ABA |
and previous year’s BA consistently exhibited heterogeneity
of variance, which necessitated weighted regression ap-
proaches to parameter estimation. To obtain weights, stan-
dard deviations were estimated for the distributions of residu-
als for narrow ranges of predicted ABA, and relationships
between & and ABA were described with simple linear

“models of the form:

" - Theserelationships provided the basis for selecting weights
for weighted regressions and were used to select random
residuals for incorporating uncertainty into ABA predictions.

~ With this updating technique, hereafter described as PRE-
DICT, the procedure for predicting ABA for each plot mea-
sured in a-previous year is summarized as follows:
- 1. Create plot groups:

2. Order plots measured in previous years by BA for the year
" immediately preceding the current year;

3. Create groups of 20 consecutive plots beginning with the
plot with lowest BA for the year immediately preceding
the current year.

.4. Predict plot survival, mortality, or harvest status: Ran-
domly select a number, x, from a Uniform (0,1) distribu-
_ tion;
alf0<sx< E(Pk’ sury)» predict survival;

b.If E(Py ) Sx< E(P,g sur ¥ E(Pi o) predict mor-
tahty,
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c.If E(Pk’ sur) E(Pk,m(m) < x, predict harvest.
3. Predict ABA:

a. Survival plots: Predict ABA as the sum of three compo-
nents:

(i) expected standardized ABA from (3a);

(i) aresidual calculated as the product of a number
randomly selected from a Normal (0,1) distribu-
tion and a standard deviation calculated from (7);

(iii) the product of 0.86 m?/ha and a prediction for the
number of ingrowth trees obtained using (4a-b), a
number randomly selected from a Uniform (0,1)
distribution, and a procedure similar to that for
selecting the survival, mortality, or harvest status
of plots;

b. Mortality plots: Predict ABA in a manner similar to
that for survival plots;

c. Harvest plots: Predict ABA as the sum of expected
ABA from [6] and a residual selected in the same
‘manner as for survival plots.

The REMOTE Approach

Although model predictions of survival, mortality, and
harvest status were expected to be unbiased, the combined
effects of their uncertainties and those of the ABA predictions
may increase the estimated standard errors of the annual BA
means, the variability of the estimates of the means around
the estimates based on a complete sample, or both. Thus, a
second model updating technique was developed based on
the assumption that satellite-based remote sensing tech-
niques can be used to detect plots that have experienced
substantial disturbance (Befort 2000). Disturbance for this
technique may be due to either mortality or harvest; no
distinction is made. Remote sensing techniques are assumed
to be adequate for confidently detecting disturbed plots
satisfying two criteria: previous year’s BA >2.79 m?/ha, and
(ABA/BA) < -0.2 (Befort, pers. comm.).!

For plots satisfying these criteria, ABA was predicted as
the product of previous year’s BA and the ratio of ABA/BA
in the annual database. For plots not satisfying these criteria,
a model for ABA was formulated as

E(ABA) =B, +B,[1 - exp(B;BA)] @®)

and its parameters were estimated using weighted nonlinear
regression techniques.

With this approach, hereafter described as REMOTE,
updating again involves prediction of both status and ABA.
First, plots measured in previous years that satisfy the remote
sensing disturbance detection criteria are identified, and their
ABA predictions are obtained as the product of previous
year’s BA and the ratio of ABA/BA in the annual database.
Second, for the remaining plots, ABA is predicted as the sum
of expected ABA obtained from (8) and aresidual obtained as

! William Befort, Division of Forestry, Minnesota Department of Natural
Resources, November 9, 1999.



‘the product of a number randomly selected from a Normal

'(0,1) distribution and a standard deviation calculated from
(7). An important feature of the REMOTE technique is that
the status and ABA for plots with the greatest loss of BA are
predicted using simulated remote sensing techniques, not
models.

Simulating the Inventory

The feasibility of the updating techniques and the bias and
precision of their estimates of annual BA means were evalu-
-ated by simulating annual inventory procedures for the 5.95
million timberland ha in Minnesota. To mimic the annual
inventory intensity of one plot per 2,403 ha, 2,476 plots were
randomly selected for each simulation from among the 4,855
timberland plots. The 2,476 selected plots were ordered by
their FIA plot numbers and distributed among five equal-
sized panels by systematically assigning every fifth plot to
the same panel. Because FIA plot numbers had been assigned
sequentially on the basis of their gedgraphic locations, the
panel assignments for each simulation approximated the
systematic, interpenetrating feature of the annual inventory
design. Each simulation was initiated with a complete inven-
tory of the 2,476 plots, simulated by beginning with the
annual database year O values for each plot. On a rotating
basis, one 20% panel of plots was selected for measurement
each year. Simulated measurement of a plot consisted of
replacing its estimated BA value with the value for the
appropriate year in the annual database. For the remaining
80% of plots, plot data were updated using each of the three
updating techniques. Each year, estimates of BA means
across all plots and the standard errors of the means were
calculated for each updating technique. In addition, each year
estimates of the current BA mean and standard error of the
mean were obtained using three additional estimation meth-
ods: (1) the SAMPLE100 estimates were based on the annual
database values for all 2,476 plots selected for the simulation;
(2) the SAMPLE20 estimates were based on the annual
database values for the 20% annual sample; and (3) the
MOVING estimates were based on the most recent panel of
measurements for all plots. The SAMPLE100 estimates are
-the standard for comparisons because they are based on
measured, not updated, annual BA for 100% of the plots
selected for the particular simulation. Although 250 simula-
tions were conducted, median values for annual BA for
individual plots, annual BA means over all plots, and the
standard errors of the annual BA means stabilized for all
estimation methods by approximately 175 simulations.

The performance of the updating techniques was evalu-
ated for smaller areas by simulating the annual inventory
process for two individual counties. St. Louis County in
northeastern Minnesota in the Aspen-Birch FIA unitincludes
approximately 1.1 million ha of timberland; Pine County in
east central Minnesota in the Central Hardwood FIA unit
includes approximately 0.2 million ha of timberland. To
mimic the annual inventory intensity of one plot per 2,403 ha,
455 of the 877 St. Louis County timberland plots were
randomly selected for each simulation, while 90 of the 172
Pine County timberland plots were randomly selected for

each simulation. Source data for the imputation updating
technique were obtained from two different pools of plo
data; the first pool consisted of the 20% annual sample of the
2,476 plots selected for the entire state, while the second poo
was restricted to the 91 plots for St. Louis County and the 1¢
plots for Pine County. Because of these small annual samples
the number of plots in similarity groupings for the secon
pools werereduced from 20 as used for the statewide analyse
to 10 for St. Louis County and to 5 for Pine County. For th
modeling technique, the same models used for the statewid
analyses were used for these county-level analyses.

Analyses

Only graphical and tabular results are shown for estimats
obtained with the SAMPLE20 and MOVING techniques; r
tests of significance were performed. The intent is merely
illustrate the undesirable features of these estimates and tl
motivation for developing updating techniques. TI
SAMPLE20 estimates are based on sample sizes that a
known to be inadequate for satisfying national precisic
standards,while the MOVING estimates are necessari
biased whenever there is a time-based trend in the unde
lying data.

For each updating technique, the median of the dist
butions of the 250 simulated estimates of the annual E
means and the medians of the distributions of the 2
simulated estimates of the standard errors of the me:
were determined. The nonparametric Wilcoxon Sigr
Ranks Test (Conover 1980, p. 280-292) was used
compare the updating techniques with respect to the e:
mates of the annual BA means they produced. The basis
the comparisons is annual differences between
SAMPLE100 estimates and the medians of the distri
tions of the estimates of annual BA means for the updat
techniques. The same test was used to compare
SAMPLE100 estimates of the standard errors of the me
and the medians of the distributions of the correspond
estimates obtained with the three updating technique:

Results

Results of comparing the SAMPLE20 and MOV]
medians of statewide estimates of annual BA means tc
statewide SAMPLE100 estimates were consistent with
pectations (Table 1, Figure 3a). First, the SAMPLE20 ir
ans exhibited considerable variation around the SAMPLE
estimates because of their smaller sample sizes; second, s
SAMPLE20 medians fell outside the 2-standard error i
val around the SAMPLE100 estimates; third, the MOV
medians exhibited systematic bias, a result of the trend i
underlying data as revealed by the SAMPLE100 estim
and fourth, the SAMPLE20 medians of the estimates ¢
standard errors of the means were much larger tha
SAMPLEI100 estimates. Because of these undesirable
and precision characteristics of estimates obtained wit
SAMPLE20 and MOVING techniques, the remaining
cussion focuses exclusively on comparing results obt
with the updating techniques to the SAMPLE100 estir
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Table 1. Median values for 250 simulations of Minnesota timberland estimates of annual BA mean {m3/ha) and standard error of the

mean (m3/ha).

. SAMPLE100 SAMPLE20 MOVING IMPUTE PREDICT REMOTE
Year Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE
1 16.52 0.14 16.50 0.30 16.56 0.14 16.49 0.14 16.48 0.14 16.51 0.14
2 16.28 0.14 16.43 0.31 16.51 0.14 16.37 0.14 16.37 0.14 16.34 0.14
3 16.17 0.14 16.43 0.31 16.44 0.14 16.25 0.14 16.27 0.14 16.23 0.14
4 16.12 0.14 16.24 0.31 16.38 0.14 16.18 0.14 16.19 0.14 16.16 0.14
5 16.14 0.14 15.62 0.32 16.25 0.14 16.03 0.14 16.05 0.14 16.06 0.14
6 16.07 0.14 15.83 0.32 16.11 0.14 15.89 0.14 15.92 0.14 15.97 0.14
7 15.87 0.14 15.94 0.32 16.01 0.14 15.81 0.15 15.82 0.14 15.87 0.14
8 15.83 0.15 16.18 0.33 15.96 0.14 15.81 0.15 15.78 0.14 15.83 0.14
9 15.84 0.15 16.24 0.34 15.96 0.14 15.89 0.15 15.78 0.14 15.76 0.15
10 15.63 0.15 15.08 0.34 15.85 0.15 15.75 0.15 15.67 0.15 15.62 0.15

Medians of statewide estimates produced using the

updating techniques were not statistically significantly (ot
= 0.05) different from the SAMPLE100 estimates, either
for annual BA means or for the standard errors of the
. -means (Table 1). In addition, pairwise comparisons of the
updating techniques did not reveal statistically significant
(o = 0.05) differences among them with réspect to the
medians of statewide estimates of annual BA means or
medians of the estimates of standard errors of the means.
. Nevertheless, the medians of distributions of estimates
produced by the REMOTE technique were consistently
closer to the SAMPLE100 estimates with respect to both
“mean deviation and root mean squared deviation. Graphs
of the SAMPLE100 estimates and medians of the IM-
PUTE, PREDICT, and REMOTE estimates of annual BA
" means confirm the results of the significance testing that
the medians obtained with the updating techniques closely
follow the SAMPLE100 estimates, and that the differ-
ences among them are small (Figure 3b).

17.0 7 —— SAMPLE100: mean
-------- SAMPLE100: mean + 2 SEs
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Figure 3a. Mean plot basal area estimates.
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For St. Louis County, the large, heavily forested county
with many plots, no statistically significant (o = 0.05)
differences in estimates of annual BA means were de-
tected when the IMPUTE medians obtained using state-
wide similarity groups, the PREDICT medians, and the
REMOTE medians were compared to the SAMPLE100
estimates (Table 2). However, the IMPUTE medians ob-
tained using county similarity groups were statistically
significantly (o = 0.05) different from the SAMPLE100
estimates.

For Pine County, the smaller county with fewer plots,
the median IMPUTE estimates of annual BA means ob-
tained with both statewide and county similarity groups
and the median PREDICT estimates were statistically
significantly (a0 = 0.05)) greater than the SAMPLE100
estimates (Table 3). No statistically significant (o. = 0.05)
differences were detected between the REMOTE medians
and the SAMPLE100 estimates. Also, no statistically
significant (o = 0.05) differences were detected between
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Figure 3b. Updated mean plot basal area estimates.



Table 2. Median values for 250 simulations of St. Louis County, Minnesota, timberland estimates of annual mean BA

{m3/ha) and standard error of the mean (m3/hal).

IMPUTE
SAMPLE100 Statewide County PREDICT REMOTE
Year Mean SE Mean SE Mean SE Mean SE Mean SE
1. 14.87 0.30 14,81 0.30 14.85 0.30 14.82 0.29 14.86 0.30
2 14.58 0.30 14.68 0.31 14.83 0.30 14.77 0.30 14.65 0.30
3 14.48 0.30 14.55 0.31 14.62 0.31 14.68 0.30 14.56 0.30
4 14.41 0.31 14.51 0.31 14.58 0.31 14.62 0.30 14.46 0.30
5 14.46 0.31 14.27 0.31 14.28 0.31 14.39 0.30 1441 0.31
. 6 14.42 0.31 14.22 0.31 14.30 0.31 14.34 0.31 14.33 0.31
7 1423 - 032 14.13 0.32 14.30 0.31 14.21 0.31 14.25 0.31
8 14.26 0.32 14.09 0.32 14.05 0.32 14.17 0.31 14.29 0.32
9 14.37 0.33 14.20 0.33 14.18 0.33 14.21 0.32 14.30 0.32
10 14.26 0.33 14.12 0.33 14.13 0.33 14.10 0.32 14.28 0.33

the médjans of the estimates of standard errors of the
means for any of the updating techniques and the
SAMPLEIOO estimates.

Conclusions .

Several conclusions may be drawn from these analyses.
First, the quality of estimated annual BA means and standard
errors of the means obtained with the imputation and model-
based updating techniques is generally similar for both the
statewide and county estimates. The single exception is that
the large county IMPUTE medians obtained using statewide
similarity groups were significantly greater than the
SAMPLEI100 estimates. For the small county, only the RE-
MOTE technique produced estimates with medians that were
not statistically significantly different from the SAMPLE100
estimates. This result suggests that estimation for individual
counties with small numbers of plots should be approached

with caution with any technique.

‘ The second conclusion is that at both state and county
levels, all three updating techniques produced estimates of
the standard errors of the means that did not differ signifi-
* cantly from the SAMPLE100 estimates and that for practical
applications were indistinguishable from each other. The
latter result suggests that the additional uncertainty in the
- model predictions of annual survival, mortality, harvest, and
" disturbance status contributes little to the overall uncertainty
in the estimates of the annual BA means.

The third conclusion is that because 5 year ABA is usually
* small relative to BA 5 yr in the past and because the uncer-
tainty in ABA predictions is small relative to the natural

variation in BA among plots, ABA appears to be an appropri-
ate quantity to use as the basis for updating.

The final conclusion, and the most important one with
respect to the objective of the study, is that simple updating
techniques are not only feasible, but also relatively easy to
implement, and they produce acceptably unbiased and pre-
cise estimates of both annual BA means and standard errors
of the means for large areas.

Although these updating techniques were adequate for
their intended purpose, there may be opportunities to im-
prove them. The IMPUTE technique might be enhanced as
the result of investigations in three areas: selection of the
most appropriate expanded geographical area from which to
obtain imputation source data for small areas thatinclude few
plots; creation of similarity groupings based on additional
variables; and selection of the best size of similarity group-
ings of plots, width of the predictor variable intervals, or both.
The model-based updating techniques might be enhanced
with more sophisticated models, calibration data obtained for
shorter measurement intervals, and incorporation of addi-
tional predictor variables, particularly climatic variables.

In terms of quality of estimates versus ease of use,
variations of the IMPUTE technique are worthy of serious
consideration. Their only inherent disadvantages for this
application are their dependence on 5 yr average annual
growth as a surrogate for annual growth, their limited
applicability beyond the purpose for which they are imple-
mented, and possible bias due to nonrepresentative samples
for small areas. However, under most conditions, these
disadvantages will likely be minimal or can be relatively
easily overcome.

Table 3. Median values for 250 simulations of Pine County, Minnesota, timberland estimates of annual mean BA

(m3/ha) and standard error of the mean (m3/ha).

IMPUTE
SAMPLE100 Statewide County PREDICT REMOTE
Year Mean SE Mean SE Mean SE Mean SE Mean SE
1 15.58 0.60 15.61 0.61 15.64 0.62 15.62 0.60 15.57 0.60
2 15.51 0.62 15.40 0.63 15.33 0.66 15.48 0.61 15.60 0.61
3 15.23 0.63 15.22 0.64 15.21 0.66 15.37 0.62 15.35 0.62
4 15.17 0.65 14.97 0.65 1491 0.65 15.11 0.62 15.18 0.63
5 15.52 0.66 15.04 0.66 15.11 0.67 15.23 0.64 15.32 0.65
6 15.52 0.65 15.12 0.67 15.30 0.67 15.32 0.65 15.39 0.65
7 15.47 0.66 15.12 0.68 15.33 0.69 15.28 0.66 15.48 0.66
8 15.64 0.67 15.21 0.68 15.47 0.68 15.27 0.67 15.59 0.67
9 15.78 0.67 15.53 0.68 15.77 0.66 15.48 0.66 15.69 0.65
0 15.75 0.67 15.39 0.67 15.70 0.65 15.41 0.65 15.72 0.66

—
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Although the best model-based results were slightly supe-
rior to the best imputation results, particularly for smaller
areas, model development required a greater resource invest-
ment than did development of the imputation procedure.
However, model development should not be considered a
serious obstacle, because its only requirements are simple
models, a simple predictor variable, and standard estimation
techniques. In addition, model development will be greatly

- facilitated as calibration data from fixed radius FIA plots at

. 5 yrintervals become available. Finally, the small additional
investment necessary to construct the models may be further
justified if the models can be used for additional purposes,
such as longer term future predictions.

In conclusion, these analyses demonstrate that for BA,
simple, unbiased, and precise updating techniques can be
easily developed and implemented. Although BA is only one
inventory measurement of interest, its correlation with other
variables such as volume and stems per unit area suggests
wider applicability for these updating techniques. Thus,
inventory estimation approaches based on updating plots
measured in previous years should be considered viable and
accurate alternatives.
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