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ABSTRACT .--Forest inventories, like those conducted by the Forest Service, Forest Inventory
and Analysis Program (FIA) in the Rocky Mountain Region are under increased pressure to
produce better information at reduced costs. Here, we describe our effortsin Utah to merge
satellite-based information with forest inventory data for the purposes of reducing the costs of
estimates of forest population totals and providing spatial depiction of forest resources. We
illustrate how generalized linear models can be used to construct approximately unbiased and
efficient estimates of population totals while providing a mechanismfor prediction in space for
mapping of forest structure. We model forest type and timber volume of five tree species groups
as functions of a variety of predictor variablesin the northern Utah mountains. Predictor
variables include elevation, aspect, slope, geographic coordinates, as well as vegetation cover-
types based on satellite data from both the Advanced Very High Resolution Radiometer
(AVHRR) and Thematic Mapper (TM) platforms. We examine the relative precision of estimates
of area by forest type and mean cubic-foot volumes under six different modelsincluding the
traditional double sampling for stratification strategy. Only very small gainsin precision were
realized through the use of expensive photo-interpreted or TM-based data for stratification,
while models based on topography and spatial coordinates alone were competitive. We also
compar e the predictive capability of the models through various map accuracy measures. The
models including the TM- based vegetation performed best overall, while topography and spatial
coordinates alone provided substantial information at very low cost.

Key words. AVHRR, generalized additive model, GIS, map accuracy, sample survey,
stratification, satellite imagery, TM
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1. INTRODUCTION

Forest inventory programs, like those conducted by the USDA Forest Service, Forest Inventory
and Analysis Program (FIA) in the Rocky Mountain Region, are under increased pressure to
produce more information at reduced costs and increased frequency. The traditional objective of
FIA has been to estimate statewide forest population totals (e.g., forest area, volume, growth and
mortality) on a periodic basis. Historically, this has been accomplished through a two-phase
sampling procedure where phase one consists of aerial photo-based information collected on an
intensive sample grid, and phase two consists of a subset of that grid visited in the field
(Chojnacky 1998). Photo-interpreted cover-type and ownership are typically used for
stratification of phase two field points, resulting in improved precision of estimates of forest
population totals. This strategy of combining aerial photo and field data through double
sampling for stratification has been used successfully by FIA in the Rocky Mountain States for
many years.

While the current two-phase sampling procedure employed by FIA provides unbiased and
precise estimates of forest resources at regional seales, problems exist. First, aerial
photography available in any given state will vary in quality, scale and date. Second, some
inconsistency naturally exists between different photo-interpreters in terms of correct location of
sample points on photos and correct vegetation classification. Third, the process is extremely
expensive and slowConsequently, there is a need to develop methods that use satellite-based
data in lieu of photo-interpretation (PI) that maintain the required precision in FIA estimates of
population totals.

Moreover, the most valuable management tool to many land managers is a map depicting the
spatial arrangement of forest attributes at resolutions finer than those obtainable from current
FIA sampling grids. These can be difficult to generate. While vegetation cover-type maps
produced by programs like the USDI Gap Analysis program (see Homer, Ramsey, Edwards, and
Falconer 1997; Scott et al. 1993) have been useful to some extent in meeting the need for fine-
scaled information, most, if not all, of these maps lack any spatial depiction of attributes (e.g.,
basal area, canopy closure, stand density) for their forest types. This reduces their utility for
applications like the identification of suitable wildlife habitat(ards, Deshler, Foster, and

Moisen, 1998, or for estimating attributes of understory components (Stenbeck and Congalton
1990), stand density and volume (Franklin 1986), or similar characteristics necessary for sound
forest management.

Consequently, maps of forest inventory variables are in high demand. By linking extant
inventory information with other digital, remotely-sensed biophysical information, there exists
opportunity to predict and map extensive tracts of forest type and attributes at fine resolutions.
Recent studies have found that integrating ancillary data, such as elevation, aspect, and slope,
with spectral information from satellites (e.g., Landsat Thematic Mapper) can enhance precision
for classification of forest vegetation types and attributes (e.g., Strahler and Logan 1978;
Woodcock, Strahler, and Logan 1980; Frank 1988). Often this ancillary data is at fine resolution,
such as the 90 m resolution Defense Mapping Agency’s digital elevation models. Once
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relationships between variables collected at sample points (responses) and other ancillary
biophysical data (predictors) are modelled, spatially explicit maps of the response variables can
be built, validated and used in management situations (Frescino, Edwards, and Moisen, in
review).

While several papers in this issue address the problem of producing cost-effective estimates
more frequently, in our paper we examine methods for efficient estimation and mapping at one
point in time. We illustrate how generalized linear models (GLMs) can be used to construct
approximately unbiased and efficient estimates of population totals while providing a mechanism
for prediction in space. We model forest type and volume of several major tree species as
functions of a variety of predictor variables in the northern Utah mountains. Predictor variables
include elevation, aspect, slope, vegetation cover types based on two different satellite
platforms, as well as spatial coordinates. We examine the relative precision of estimates of
percent area by forest type and mean timber volume under six different models, including the
traditional double sampling for stratification strategy. We also compare the predictive capability
of the models through various map accuracy measures.

2. DATA

2.1 Study Region

Our study region was the Northern Utah Mountain
Ecoregion (Omernik 1987) (Figure 1). The Ecoregion is
composed of two mountain ranges: the Wasatch running
north-south, and the Uinta running east-west. Elevation |
ranges from 1300 to 3900 m, and nearly 50% of the land i
administered by National Forests. Here, topography and |
geographic position serve as strong surrogates for the :
ecological processes governing the distribution of vegetati
(Cronquist, Holmgren, Holmgren, and Reveal, 1972).
Precipitation is mainly a function of elevation, latitude, an
storm patterns from the west and the Gulf of Mexico, with
local effects from slope exposure and/or aspect (Mauk an
Henderson 1984). Principal forest types are Aspen
(Populus tremuloides), Douglas-fir Psudotsuga menziesii),
lodgepole pineRinus contorta), spruce-fir Picea e
engel manni - Abies lasiocar pa), and pinyon-juniper Figure 1. Northern Utah Mountain Ecoregion occupying
WOOdlandS lPinus ajUIiS' Juni perUS $0pU|0rum). mountainous northeastern portion of the state.

| Northern Utah
| Mountain Ecoregion

2.2 Field and Photo-interpreted Data

The Rocky Mountain FIA program, responsible for inventorying lands in the Interior West,
collected field and aerial photo data in Utah between 1991 and 1994. Under a two-phase
sampling design, a Phase | sample of photo-interpreted points was collected on a 1 km grid.
These points were plotted on 1:24,000 quadrangle maps and transferred to aerial photographs by
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photointerpreters. An area of 1 acre (.4 ha) was examined around these points to determine the
vegetative condition, or Pl typ&.raditionally,Pl type and ownership criteria from Phase | have
been used for stratification of secondary sample field plots. This results in improved precision of
estimates of forest population totals, even though PI type is subject to variable misclassification
rates. The Phase Il was a field-visited subset of the Phdsese 1 acre field plots were

established on a 2.5 km offset grid for National Forest Lands and on a 5 km grid for other
ownerships. Inthe proceeding analyses, only field plots on the 5 km grid were used, giving 988
plots for modelling in our study region. At each sample plot, forest variables such as site
attributes, vegetation structure, tree volume, growth and mortality were measured. Details of the
sample design, initial inventory estimates and analyses are reported in O’Brien (1996).

2.3 Digital Data

Predictor variables used in our analyses included elevation in meters (Elev), aspect in degrees
(Asp), slope in Degrees (Slope), a vegetation class based on the .81 ha resolution (90 x 90 m
grid cells) cover-map produced blpmer , Ramsey, Edwards, and Falcoii®97) through
classification of Thematic Mapper (TM) imagery, a vegetation class from the 1993 Resources
Planning Act forest type group mapdwell, Faulkner, Darr, Zhu, and MacCleery, 19983ed

on the Advanced Very High Resolution Radiometer (AVHRR) platf@maUniversal

Transverse Mercator coordinates, (UTMe, UTMn). Elevation, aspect and slope were obtained
on FIA field locations by intersecting the spatial location of each plot with the same location on
90 m digital elevation models produced by the Defense Mapping Agency (DMAavoIa
problems modelling with a circular predictor variable, a transformation used by Roberts and
Cooper (1989) was applied to aspect, where

0 0
0 T B
Aspect = .5%:05 1—80(Asp-30) + 1D
0 0

: 1)
The transformed variable ranges from 0 to 1 and yields the highest values in the north-northeast
direction (30°).

All digital data were coregistered and resampled at a 90 m grid to provide a corspartton

for modelling. Although resampling frequently adds error to derived maps, our selection of a 90
m resampling grid maintained the integrity of many of our predicator variables for two reasons.
First, the cover-map of Utah was modelled at and is maintained at 90 m (.81 ha) resolution (see
Homer, Ramsey, Edwards, and Falcod®87. Estimates of uncertainty in the cover-map were
also obtained at this resolution (Edwards, Moisen, and Cutler, 1998). Second, Utah does not yet
have complete coverage of 30 m digital elevation models, necessitating our use of 90 m DMA
data for determining elevation, aspect, and slope. We recognize, like others Gafamén

1989, Goodchild 1989, Openshaw 1989), the unique problems posed by combining data of a
diverse nature collected at different scales and at various levels of error and uncertainty,
particularly when combined for predictive modelling, but acknowledge that estimating the
impacts of these kinds of errors on our predictive modelling is beyond the scope of this paper.
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We refer readers to works by Veregin (1988a, b) and Lunetta et al. (1991) for discussions on the
impact of various sources of error on modelling.

3. ESTIMATION AND PREDICTION STRATEGIES
3.1 Double sampling for stratification

The six classes of models compared in this paper fall under one of three different estimation and
prediction strategies. The first strategy (that currently used by FIA in the Interior West) relies on
double sampling for stratification to produce estimates of population totals. Formulation for the
estimates and their variances can be found in most sampling texts (see Cochran 1977, chap. 12)
and procedures unique to forest inventory are documented in Chojnacky (1998). Predictions, or
maps of the response variable of interest, are made by constructing Thiessan polygons about each
1 km PI point and assigning that polygon the stratum mean for that PI class. While useful for
giving a crude depiction of the resource at the regional scale, it provides none of the detalil
necessary for smaller area maps and management questions because of the lack of wall-to-wall
photo-interpreted data. Consequently, only estimates of population totals were made under
Model-P, not predictions.

3.2 Stratified random sampling

The second strategy makes use of classified satellite data. Here, estimates of population means
and totals are obtained through stratification of field plots based on AVHRR- or TM- based
cover-type maps. Estimates and their variances through this stratified approach are available in
most sampling texts (see Cochran 1977, chap. 5). Mapping forest variables under this strategy
amounts to assigning the stratum mean to each classified pixel.

3.3 Generalized Linear Models

The third strategy relies on generalized linear models (GLMs) developed by Nelder and
Wedderburn (1972) and described thoroughly in McCullough and Nelder (1989). They are an
extension of the classical linear model. Suppose we have a yett@ngthn that is assumed

to be a realization of some random procéss-ollowing the notation of McCullogh and Nelder
(1989), the classical linear model can be broken into 3 parts:

1. Therandom component: components oY are independent and normally distributed
with E(Y)=p and constant varianc;

2. Thesystematic component: covariateq, X,.... X, produce a linear predictgrgiven
by

n= " xB; 2

1
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3. Thelink between the random and systematic compongfuys~= n: g(4) = W.

A GLM extends the classical linear model in two ways. Fffshay come from any exponential
family, not just the normal, and second, the link funcg@i may be any monotonic
differentiable function, not just the identity link. As an illustration, de¥ne be the response
variable of interest (e.g., tree density, stand size class, canopy closuredmwibnents oY
being independent, coming from exponential family, an&(Y)=p. Regardless of wheth¥ris

P

continuous or discret@ can be linked to a model structure through the fungifph = ZXJ-BJ-.

1
Thex’s may be discrete variables (e.g., remotely-sensed cover-type, precipitation zone), or
continuous variables (e.g., elevation, aspect, slope, latitude, longitude). The resulting model can
be used to predict the response variabier any surface

Op O
] _ _1[| ] B
) = g EZBJ%JH

3-t 0 3

and the model structure itself provides a mechanism to explore ecological relationships.

An approximately unbiased estimate of the population mBazaf be obtained by predicting
the response over the entire populatidphgnd taking the mean,
N 0 p

0

. -1 —1[| - E
T=N"%g EZBJ.&,H

i=1 m=1 |:|. (4)
While a linear model, like a regression estimator, requires only the mean value of each predictor
variable in the population, the nonlinear form above does not simplify as nicely and prediction
must be performed at eaxh This can be computationally prohibitive. For example, in our
study ecoregion, there are over three million pixels on which to make predictions. Our logistical
solution was to subsample those pixels on a 1000 m grid and construct estimates of population
means based on the ~25,000 pixel subsample. Given the approximate unbiasedness of (4),
estimates of the mean square errors (variances) of these estimates of population means were
computed through 10-fold crossvalidation (CV) (Ripley, 1996)our applications, we
partitioned our sample of 988 plots into ten approximately equal sized dependent random groups,
fit models excluding each group in turn, and predicted over the correspogidinfithe
excluded group. See Section 4.4 for further discussion of CV methods for mean squared error.

Going a step further from the traditional linear model, generalized additive models (GAMS)
(Hastie and Tibshirani 1986) extend GLMs by allowing the systematic component discussed
above (Equation 2) to assume the more general form
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p

n=s+ za(xp, (5)
1

wheres;,s,,....,s, are smooth function estimated in a nonparametric fashion. A local scoring
O

algorithm is used to estimate t§€l)'s . This algorithm uses scatterplot smoothers to generalize

the usual Fisher scoring procedure for computing maximum likelihood estimates. A wide variety
of scatterplot smoothers can be used, like running mean, running median, Loess, kernal estimate
or spline (see Hastie and Tibshirani 1990 for a discussion of smoothing techniques). The use of
GAMs in our work was only for exploratory data analyses and to suggest covariate
transformations resulting in simplified or better GLMs as final models.

3.4 Concernsover spatial autocorrelation

When we first began our modelling exercise in Northern Utah, we constructed directional
variograms on a suite of variables revealing what we would characterize as large scale spatial
patterns driven largely by elevation. By fitting GLMs that included elevation, aspect, slope, and
general geographic position as predictor variables, we succeeded in "detrending” our data and
nothing but noise was left in directional variograms of the residuals. Perhaps the most important
thing to remember is that we are modelling a response collected on a 5 km grid. In northern
Utah, field plots collected at this distance are likely to change drastically in elevation, slope and
aspect, and so we are primarily concerned with modelling large-scale spatial variation through a
deterministic model. Our purpose in including UTM coordinates as predictor variables was to
capture broad trend as opposed to trying to smooth the response in a small geographic area.

4. EXAMPLES

Six models of forest status and timber volume were constructed in the Northern Utah Mountain
Ecoregion. Models and the model building processes are described below with model specifics
summarized in Table 1. All analyses were performed in S-PLUS.

4.1 Double Sampling for Stratification

"Model P" mimics the traditional estimation strategy used in the Rocky Mountain FIA Unit.
Recall that each point on a 1 km grid was assigned one of six Pl classes (Table 1). Each field
plot on the 5 km grid was stratified according to PI class and double sampling for stratification
estimates produced for percent area by the following forest types: all timberland types (ALL),
aspen (AS), Douglas-fir (DF), lodgepole pine (LP), and spruce-fir (SF). Mean cubic-foot
volume was also estimated by the preceding species groups. Prediction, or mapping of forest
resources, was not attempted under this model because of the lack of wall-to-wall coverage of
Pl'ed data.

4.2 Stratified Random Sampling
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In "Model-A", each 90 m pixel was assigned one of 10 cover-types from the AVHRR-based
cover-type map (Table 1). Field plots were stratified and estimates produced for percent area by
forest type and mean cubic-foot volume by each of the 5 species groups above. Maps of forest
type and volume were then produced by assigning each 1000 m pixel the mean of that AVHRR-
based cover-type stratum. "Model-i§"the same as Model-A except 29 TM-based cover map
classes were used for stratification (Table 1).

Table 1. Description of six models used in estimation and prediction of forest type and timber volume. The notation poly(x1,x2,3) indica
bivariate orthogonal polynomial of order 3.

Label Class Predictors Details

P Double sampling Pl points Strata: Conifer, Aspen, Cottonwood, Pinyon-Juniper, Misc. Hardwood, Nonforest
for stratification

A Stratified random AVHRR Strata: Douglas-fir, Ponderosa Pine, Lodgepole Pine, Spruce/Fir, Chapatrral,
sampling Pinyon-Juniper Woodland, Western Hardwood, Aspen, Nonforest

T Stratified random TM Strata: Water, Spruce-fir, Ponderosa Pine, Lodgepole, Mountain Fir, Juniper,
sampling Pinyon, Pinyon-Juniper, Aspen, Oak, Maple, Mountain Shrub, Sagebrush,

Sagebrush/Perennial Gr, Grassland, Alpine, Dry Meadow, Wet Meadow,
Barren, Lodgepole/Aspen, Ponderosa Pine/Mountain Shrub,
Spruce-fir/Mountain Shrub, Mountain Fir/Mountain Shrub, Aspen/Conifer,
Mountain Riparian, Lowland Riparian, Agriculture, Urban, Wetland

topo Generalized Elev, Aspect, Slope, g(u)= 1+

linear model UTMe, UTMn poly(Elev,Slope,3) + poly(Elev,Aspect,3) +
poly(Slope,Aspect,3) + poly(UTMe,UTMn,3)

Atopo Generalized AVHRR, g(n)= 1+ AVHRR

linear model Elev, Aspect, Slope, poly(Elev,Slope,3) + poly(Elev,Aspect,3) +
UTMe, UTMn poly(Slope,Aspect,3) + poly(UTMe,UTMn,3)
Ttopo Generalized ™, g(u)= 1+T™M
linear model Elev, Aspect, Slope, poly(Elev,Slope,3) + poly(Elev,Aspect,3) +
UTMe, UTMn poly(Slope,Aspect,3) + poly(UTMe,UTMn,3)

4.3 Generalized Linear Models

"Model-topo” was an attempt to capture the relationship between forest type and timber volume
on FIA ground plots, and corresponding satellite-based elevation, aspect, and slope, as well as
geographic position in the Northern Utah Mountain Ecoregion. To explore the relationship
between response and predictor variables, we began the modelling process using GAMs. In the
case of forest type, all types were modelled individually as a binary response; something was
either Douglas-fir or not Douglas-fir. We specified a logit link and variance functip(ilLefy).
Specifying the appropriate link and variance function for volume was a little more difficult.
Frequently, individual tree volume is modeled as a function of individual tree measurements
(like diameter and height) and log transformations on the response are practical variance-
stabilizing tools. In our case, though, we are modelling stand volume as a function of geographic
and other site predictor variables. Naturally, many zero values exist for volume on nonforested
lands, and variability is very high in forested areas. We found though exploratory analyses that
the variances appeared proportional to the means (after adjustment for predictor variables), with

8
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proportionality constants substantially larger than one. The variance of volume by species
(within bins defined by combinations of predictor variables) were plotted against mean volumes
of those bins revealing linearly increasing patterns. Consequently, quasilikelihood estimation
was used in a "Poisson-like" model with a log link and variance proportional to the mean.
Although this type of model is typically applied to counted data, McCullagh and Nelder (1994, p.
200-204) discuss an example application to continuous data.

After defining link and variance functions, several considerations went into specifying how
predictor variables would be brought into the models. First, interaction exists between
topographic variables in describing site suitability for tree species in Utah. For example, sites at
the same elevation but different aspects typically support different tree species because of
gradients in radiation, soil moisture, and other ecological factors. For that reason it makes sense
to include explanatory variables jointly in a predictive model. While higher order interactions

are more suitable from an ecological perspective (e.g., modelling elevation, aspect, and slope in
trivariate functions), two-way interactions can be examined and scrutinized graphically.
Consequently, forest type and volume by species were modelled as nonparametric functions of
the following 2-way interactions: elevation and slope, elevation and transformed aspect, and
slope and transformed aspect. This was accomplished through the use of local regression within
a GAM (see Hastie and Tibshirani 1990 for description). Figure 2 illustrates the bivariate

smooth functions resulting from the model of timber volume for all species. Recall that these
GAMs were built for the purpose of suggesting suitable parametric functions to be used in the
next stage of modelling.

Our next step was to develop a model containing the topographic and position variables that
would be suitable for both prediction in space and estimation of population totals.
Nonparametric models are more flexible than their parametric counterparts but can yield
unreasonable predictions in the case of extrapolation. Our preference was for a parametric
models given logistical considerations. Based on our initial GAM analysis, the final Model-topo
included 3 bivariate functions (elevation and slope, elevation and transformed aspect, slope and
transformed aspect) in the form of third order orthogonal polynomials. "Model-Atopo™ and
"Model-Ttopo" also contained the topographic and spatial predictor variables in the same
polynomial forms as Model-topo, but also added the AVHRR- or TM-based classes discussed
under Section 4.2 as predictors.

4.4 Evaluation Criteria

To assess the predictive performance of the models, 10-fold cross-validation (CV) (Ripley 1996)
was performed. To describe the general process, one-tenth of the plots were randomly selected
and withheld as an independent test set, the models fit, and predictions made over the test data
only. Measures of performance were calculated based on this independent test set. Next,
another one-tenth of the total number of plots were randomly selected from amongst those not
yet withheld, and the process continued until all plots had been withheld once, and performance
measures produced. Means over these 10 sets were then reported as final results. The process
provides a mechanism by which to assess model performance without sacrificing data useful in
model construction. Performance measures obtained under CV may be more optimistic than
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what some independent test sets would reveal. Their primary use in this study, however, is for
comparison between models evaluated under the same process.
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Figure 2. Bivariate smooth functions resulting from a model of timber volume as a function of ele
slope, aspect and UTM coordinates.

To assess the precision on the estimates of population means under Models- topo, Atopo, and
Ttopo, CV estimates of the mean squared error were used as estimates of the variances. These
estimates were compared to those obtained through direct calculation of the variances under
Models- P, A, and T. The ratio of the standard errors to the means, or coefficients of variation
were also computed under each model and species group combifatiassess the predictive
performance of models of forest typ&;V estimates of percent correctly classified (PCC) and

the Kappa (KHAT) statistic (Cohen 1960) were calculated. The Kappa statistic measures the
proportion of correctly classified units after the probability of chance agreement has been
removed, and has been used extensively in map accuracy work (Congalton 1991). Predictive
performance of models of the continuous volume variable was evaluated through CV estimates
of root mean squared error (RMSE) and percent of plots within 500 cu ft of the predicted value

In addition, the correlation coefficier)(between observed and predicted values was calculated
for each model.
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5. RESULTS

Estimates of the percent of land by forest type and mean tree volume by species group are
illustrated in Figure 3 through approximate 95% confidence intervals under each model. Only
very small gains in precision (barely detectable in these graphics) were realized through the use
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Figure 3. Ninety-five percent confidence intervals on estimates of the proportion of land by forest type :
timber volume by species group under each of the six models. Numbers beneath each interval are the
interval width to that obtained under Model P.
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of expensive photo-interpreted or TM-based auxiliary data. The ratio of the interval width to
that obtained using Model-P is printed below each interval.

Figure 4 illustrates predicted
mean volume of all timber
species for the northern Utah
mountain ecoregion under
Model-topo. Predictions
were made based on the samd :
1 km grid subset of pixels von Ol
used in constructing s
population mean estimates. o
Grey-scale is but one way to
depict the resource in space.
Other useful illustrations are
color or contour maps or
empirical distribution
functions for the whole area
or any specified subset like a
7.5 minute quadrangle or
ranger district.

A%

Measures of how well each of
the models predicted forest
type and volume are

illustrated in Figures 5 and 6
H Figure 4. Predicted mean volume of all timber species for the Northern Utah Mountai
respectlvely. (Reca" Ecoregion under Model Topo. Predicted values ranged from O cubic ft per acre (light

predictions were not made to 7,525 cubic ft per acre (black).

under Model-P because of the lack of wall-to-wall coverage of photo-interpreted points.)
Performance in predicting forest type is measured by cross-validated PCC and KHAT, while
ability to predict timber volume is evaluated through cross-validated RMSE, correlation
coefficient, and percent of plots predicted within 500 cubic feet of the truth. In all cases except
the RMSE plots, higher values indicate better performance. In most cases, the models including
the TM- based vegetation (Models T or Ttopo) performed better than those including AVHRR-
based vegetation (Models A or Atopo), though often not by amounts that would be considered
large in practice. Models based solely on topography and geographic position (Model-topo)
were surprisingly competitive.

6. DISCUSSION
6.1 Estimation of Population Means and Totals

A primary objective in forest inventories is to produce precise, unbiased estimates of population
totals. Figure 3 illustrates how there was very little difference in the precision of estimates of
both percent forested land and mean timber volume under the six different models. Stratification
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using AVHRR and TM-based cover-type maps produced estimates of population totals that were
only marginally less precise than those obtained using double sampling for stratification through
photointerpretation. Given the availability, scale and low cost of AVHRR products, an
investigation is underway to compare the relative efficiency of estimates obtained using
photointerpreted versus AVHRR data throughout the diverse forest resources in the country.
Another interesting result here was that Model-topo, based only on topography and geographic
position, produced estimates with competitive precision levels. Again, this raises more cost
savings issues.

100

6.2 Prediction a. = Al
In terms of mapping, the relative xR R % gi
performance of the models canbe  © a * Lp
seen in Figures 5 and 6. For Q 85 «
classification of forested versus E---m SF
nonforest lands, and for prediction 7

of the grouped timber volumes, it is L B

not surprising that models with the 658 ‘ ‘ ‘
TM-based classifications performed A  topo Atopo T  Ttopo

the best. Models based on the Model

AVHRR-based classes performed

the worst of the suite. Again,

Model-topo performed surprisingly 0.6 7 )

well. This result underscores our b. o R---a - ﬁl

belief that more information can be IR
squeezed out of existing and 047 m---m * DF

inexpensive data sets through % a ) LP

flexible model forms. X J x| ¥ SF
0.2 % %

Looking at the individual forest P S

types in Figure 5a, it helps to Y LT * |

remember that all types were A topo Atopo T  Ttopo

modelled individually as a binary Model

response; something was either

Douglas-fir or not Douglas-fir. This Figure 5. (a)-(b). Cross-validated PCC and KHAT values obtz

is just the approach we chose for  for five forest type groups under each of six models.

our simple comparisons. Modelling

class as a polytomous response would make more sense in a production environment and insure
that the proportion of all types summed to one. The point of this graph is that only very small
gains in PCC were realized using expensive classified TM imagery over topography and
geographic position alone. Certainly, other auxiliary data would be needed in less mountainous
regions.
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Figure 6. (a)-(c). Cross-validated RMSE, percent

of plots within 500 cubic ft of predicted value, and
correlation between predicted andtrue values for cubic
foot volume of five species groups under each of the
six models.

PCC is not the only measure of
map accuracy available. In Figure
5b., the Kappa statistic provides a
different picture of the predictive
capability of the five models. Itis
interesting to note that KHAT
equals zero for several individual
forest types under Models A and T.
Because these models simply
assigned stratum means, and less
than 50% of the field plots in that
stratum had matching forest types,
the strata means wenet the forest
type of interest. This illustrates
how the addition of auxiliary
variables like topography and
geographic position through GLMs
can improve or augment
classification of existing cover-type
maps.

In Figures 6b. and c., performance
was measured in terms of percent
of plots predicted within 500 cuft

of the true value, and correlation
between true and predicted values.
Generally, Models Atopo and
Ttopo performed better in
predicting mean volumes than did
the simple stratum means obtained
in Models A and T, respectively.
However, when performance was
measured in terms of RMSE, little
if any gain was realized through the
addition of topography and
geographic position. In the case of
lodgepole pine, Atopo and Ttopo’s
performances were worse than their
A and T counterparts because of a
handful of extremely bad
predictions that greatly affected the

non-robust RMSE. Another point of interest in Figure 6 is the overall competitive performance
of Model-topo, illustrating that topography and geography are reasonable surrogates for some
vegetation driving processes and may be very useful when expensive TM-based classifications

are not available.
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6.3 Other Issues

Given the recent emphasis on increased data analysis capabilities in regional forest inventories,
flexible models that lend themselves to exploratory work, like GAMs, may prove useful. An
illustration of this is in Figure 2, the plot of fitted functions from preliminary work on Model-

topo. The three dimensional plots allow for some exploration of the relationship between forest
variables and topography or spatial position.

A potential application of forest structure maps derived from regional forest inventory data and
satellite-based information is in the area of wildlife habitat mapping. In Frescino, Edwards and
Moisen (In review) forest inventory data on seven ranger districts within this northern Utah
mountain ecoregion were used to mddeést class, presence of lodgepole pine, basal area of
forest trees, percent cover of shrubs, and density of snags through GAMs. Special attention was
paid to choosing from a wide variety of environmental gradient variables as predictors. Maps
were generated over a single Ranger District and an independent set of field data collected for
validating the models’ performances over a small management area.

Another issue that needs to be raised is suitability of models to a production environment. In
modelling the various forest response variables in this paper, exploratory work was done through
GAMs and some subjective decisions made on "final" model forms. Yet, in a production
environment, models must be objective and computationally reasonable. While GLMs and
GAMs offer tremendous flexibility and interpretability, other modelling tools like classification

and regression trees or artificial neural networks are better suited for objective prediction. A
comparative discussion of potentially appropriate classes of models can be found in Moisen,
Edwards, and Van Hooser (1997) and a more comprehensive investigation of a wide variety of
modern regression methods for meeting multiple forest inventory objectives is underway.

7. CONCLUSIONS

In this work, we examined six different models for estimation and prediction of forest type and
volume for all timber species together, aspen, Douglas-fir, lodgepole pine, and spruce-fir in the
Northern Utah Mountain Ecoregion. Forest types and volumes were modelled as functions of
elevation, aspect, slope, geographic position, and cover-types based on the AVHRR and TM
platforms. Through this exercise we have learned several things. First, there are potentially
cheaper alternatives to double sampling for stratification through photo-interpretation in the
northern Utah Mountains. Precision on estimates of major forest types and major timber species
volume declined very little though the use of cheaper auxiliary data like that from AVHRR or
that based on topography and geographic position, under GLMs. Second, the inclusion of
auxiliary variables, like those based on topography or geographic position, may substantially
improve existing maps of both discrete and continuous forest response variables. Finally, the
full value of digital data sets for improving forest inventory products may be better realized
through more flexible statistical tools.
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