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Abstract
A number of process models now exist that estimate carbon and water vapor exchange across a broad array of vegetation. Many of these
models can be driven with information derived from satellite sensors. In particular, a large number use the normalized difference vegetation
index to infer spatial and temporal shifts in the fraction of visible light intercepted ( ffp.a,) by vegetation. We utilized a simplified process
model (Physiological Principles Predicting Growth from Satellites), initialized with Advanced Very High Resolution Radiometer normalized
difference vegetation index-derived estimates of ffp.a, to estimate at monthly time steps photosynthesis, respiration, and aboveground
growth of forest vegetation within a 54,000 km2 region in southwestern Oregon. We had data available from 755 permanent survey
plots to provide an independent estimate of forest growth capacity. In addition, we took advantage of a satellite-derived
classification of 14 major forest types to investigate the extent that generalizations might be made about their respective productive
capacities. From weather stations and statewide soil surveys, we extrapolated and transformed these sources of data into those
required to drive the model (solar radiation, temperature extremes, vapor pressure deficit, and precipitation) and initialize
conditions (soil water holding capacity and soil fertility). Within the mountainous region we found considerable variation existed
within each 1-km2 pixel centered on each of the survey plots. Even by excluding comparisons where local variation was high, model
predictions of forest growth compared poorly with those estimated from ground survey (r2 = 0.4). This variation was only partly
attributed to variation in canopy ffp.a. Local variation in climate and soils played an equal if not greater role. When the sample plots
were stratified into 14 broad forest types, within which growth potential varied similarly (coefficient of variation for each of the 14
types averaged 6%), a good relation between predicted and measured forest growth capacity across all types resulted (r2 = 0.82,
P\0.01, SE = 1.2 m3 ha ÿ 1yr ÿ 1). The implications of these analyses suggest that: (1) models should be rigorously tested before
applying across landscapes; (2) accuracy in locating plots and in extrapolating data limits spatial resolution; (3) soil surveys in
mountainous regions are inaccurate and difficult to interpret; (4) mapped vegetation classifications provide a useful level of
stratification; and (5) remotely sensed estimates of canopy nitrogen status and biomass increment and canopy nitrogen status are
needed to improve and validate regional assessment of growth. Crown Copyright D 2001 Published by Elsevier Science Ireland Ltd.
All rights reserved.

1. Introduction
Remote sensing instruments and techniques to infer
climatic and surface conditions have continued to improve
(Milne & Cohen, 1999) to the extent that some terrestrial
ecosystem models have recently been driven almost entirely
with satellite-derived information (Prince & Goward, 1995).
Typical input variables relevant to processes with terrestrial
models include land cover type (as influenced by natural
* Corresponding author. CSIRO Forestry and Forest Products, Private
Bag 10, Clayton South, Melbourne 3169, Australia.
E-mail address: n.coops@ffp.csiro.au (N.C. Coops).

factors as well as human use), leaf area index (L), the
fraction of incoming photosynthetically active radiation that
is absorbed by the canopy ( ffp.a), and other leaf structural
and chemical attributes such as specific leaf area (SLA) and
percent of nitrogen (Matson, Johnson, Billow, Miller, & Pu
1994; Smith & Curran, 1995).
Satellite remote sensing has proved effective for the
purpose of mapping cover types, using either classification
of multispectral data at a single point in time for relatively
small areas at fine spatial resolution (Bauer, Burk, Ek,
Ahern, & Queen, 1994; Woodcock et al., 1994) or multitemporal data for large areas at a relatively coarse spatial
resolution (Loveland, Merchant, Ohlen, & Brown, 1991;
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Prince & Goward, 1995; Running et al., 1994). The ability
to resolve successional stages (Cohen, Spies, & Fiorella,
1995) and land use change (Moran, Brondizio, Mausel, &
Wu, 1994), as well as broad biome type (Nemani, Running,
& Pielke, 1996), is an important consideration with respect
to parametizing ecosystem models (Reich, Turner, & Bolstad, 1999).
Validation of these regional and global data products is
crucial, however, to establish the accuracy of the predictions
and to assure that predictive algorithms continue to improve
for applications (Cohen & Justice, 1999). To date, confidence in regional and global scale models is severely limited
by the lack of adequate ground-based validation. Currently a
number of research programs are attempting to develop
protocols and data scaling issues to lead to a better understanding of these databases and products, such as the BigFoot project (Cohen & Justice, 1999) developed for
verification of the Earth Observation System (EOS) Moderate Resolution Imaging Spectro-radiometer (MODIS)
(Running et al., 1994).
Validation of regional predictions is particularly challenging in mountainous landscapes where native forests dominate and there is considerable complexity in vegetation, soils,
and climate. In such landscapes many crucial assumptions are
made when relating field measurements to the grid-cell
predictions associated with remote sensing (Box, Holben, &
Kalb, 1989; White & Running, 1994). Assessment of accuracy is virtually impossible without comparing estimates
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obtained from field plots and from remotely sensed imagery
(Milne & Cohen, 1999; Waring & Running, 1998).
As part of a regional study in southwestern Oregon, we
demonstrated that a general forest growth model [Physiological Principles Predicting Growth from Satellites (3-PGS)],
initialized with satellite-derived estimates of canopy light
interception ( ffp.a), could predict the growth capacity at 18
research sites representing a wide range of forest types
(r2 = 0.76 with an SE of 0.8 m3 ha ÿ 1yr ÿ 1, significant at
P < 0.01) (Coops & Waring, 2000). In addition, the process
model correctly differentiated rates of soil water depletion
with considerable accuracy (r2 = 0.78). Indirectly, the analysis supported the assumption that minimum/maximum
temperature and precipitation data, available from many
weather stations, could be extrapolated to 200-m resolution
and transformed into a complete set of climatic variables
required to drive the process model: solar radiation, vapor
pressure deficits, precipitation, and mean and extreme
temperatures. Moreover, by working with mean monthly
meteorological data averaged over 30 years, we demonstrated that general trends in growth and soil water depletion
could be predicted across the region without requiring more
detailed weather data.
With confidence in the 3-PGS model and in our ability to
extrapolate and transform climatic data, we expand the
approach in this paper to the entire 54,000 km2 area in
southwestern Oregon. At this expanded scale, we rely on a
sampling grid of permanent inventory plots established and

Fig. 1. Digital elevation model of the study area overlaid with forest plot locations.
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monitored by the U.S. Forest Service and Bureau of Land
Management (Fig. 1). From this widely distributed grid of
sample points we tested the sensitivity of the modeling
approach to (a) 30-m Landsat Thematic Mapper (TM) vs. a
1-km 2 Advanced Very High Resolution Radiometer
(AVHRR) satellite-derived estimates of ffp.a, (b) the quality
of data available on soils, and (c) the possible advantages of
stratifying the landscape into a number of predefined
vegetation types (Kagan & Caicco, 1996).
2. Methods
2.1. The study area
The region of interest in southwestern Oregon covers an
area of 54,000 km2 (Lat. 43° N, Long. 123° W) and contains
three distinct mountain ranges: a coastal range, composed
mainly of sedimentary rock; the Cascades, composed
mainly of basic igneous rocks; and the Siskiyou Mountains,
composed of diverse parent materials, dating back to the
Silurian, more than 320 million years BP (Dahlgren, 1994;
Waring, 1969). Annual precipitation varies across the
region, with more than 2,500 mm recorded in the coast
range and at higher elevations inland to less than 500 mm in
interior valleys. In general, the area is much drier than
typical of the rest of the Douglas-fir region in the Pacific
Northwest (Whittaker, 1961).
2.2. Plot data
The United States Forest Service (USFS) and the Bureau
of Land Management (BLM) have a number of programs to
determine the extent, condition, and volume of timber on
private and public lands. Three sets of plots were used in
this analysis: Forest Inventory and Analysis (FIA) plots
located on private land and the Current Vegetation Surveys
(CVS) maintained separately by the USFS and by the BLM
plots. All inventories begins with the interpretation of aerial
photography to determine forest type, volume per unit area,
stand size, density, and age class. Ground plots are then
distributed to be representative of 1 acre (0.40 ha), using
either fixed or variable radius (prism) sampling procedures.
As a matter of policy, plots located on private land are
shifted within 200 m of their assumed true location. As all
plot positions were not located using Global Positioning
System (GPS) technology, an Arc/Info Geographic Information System (GIS) search technique was used to ensure that
the terrain attributes recorded at each plot (elevation, slope,
and aspect) corresponded to similar attributes extracted from
the Digital Elevation Model (DEM). The automated search
procedure was developed whereby the initial location of
each plot was shifted if necessary within specified bounds to
give closer agreement with field estimates of aspect and
slope (Coops, 2000). Specifically, the search routine sequentially identifies the nearest 100-m resolution cell within a

search radius of five cells in which differences are within
 22.5o of aspect,  20% of slope, and in closest possible
agreement with elevation.
At each plot, data were acquired at 10-year intervals on
standing volume, age, and height of dominant and codominant trees by species. We pooled the height and age
information, regardless of species, and estimated the site
index (height at age 100) for coast-range Douglas-fir from a
standard yield table (McArdle, 1961). The yield table gave
values on maximum periodic mean annual increment (PAI)
against which values generated from the 3-PGS model
could be compared. Douglas-fir production is correlated
with that of other species; Sitka spruce yields are 20%
higher and those of ponderosa pine are 20% lower with
equivalent site indices (Hann & Scrivani, 1987). A total of
755 plots were available for analysis, 492 of which were
located on public lands.
2.3. Regional vegetation type map
To aid in the analysis, a distribution of current vegetation was obtained from the Oregon Gap Analysis Program.
The analysis was based on LANDSAT Multi-Spectral
Scanner false-color infrared positive prints acquired at a
scale of 1:250,000. These prints were photo-interpreted,
with supplemental information provided from USFS and
BLM files on composition of vegetation. A total of 69
vegetation associations were defined for the state (Kagan &
Caicco, 1996) of which 14 were present in the study area.
Table 1 lists the 14 major forest types with dominant tree
species, number of survey plots, and mean and range in
site indices.
2.4. AVHRR satellite data
Satellite-based measures of canopy properties such as L
are desirable for net primary productivity (PN) modeling
because of its strong influence on canopy energy balances
and rates of gas exchange. Research in the past decade has
demonstrated that L can be obtained over large areas using
empirical relationships with spectral vegetation indices such
as the normalized difference vegetation index (NDVI)
derived from satellite imagery (Begue, 1993; Spanner et
al., 1994). Problems exist at low values of L due to exposed
ground (van Leeuwen & Huete, 1996) and at high values of
L, where spectral indices saturate (Fassnacht, Gower,
MacKenzie, Nordheim, & Lillesand, 1997; Turner, Cohen,
Kennedy, Fassnacht, & Brigs, 1999). Nevertheless, remote
sensing, using both simple empirical relationships and more
complex algorithms that employ radiation transfer models,
has the ability to estimate L over large domains. Because of
the saturation problem it is more logical to use a nearly
linear relationship established between NDVI and the fraction of photosynthetically active radiation ( ffp.a) absorbed
by the canopy. L can then be estimated by inverting Beer's
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Table 1
Dominant Tree Composition Species 14 Broadly Defined Forest Types Found in Southwestern Oregon and Site Index Statistics Based on Coast Range
Douglas-fir (McArdle 1961)
Forest Type

Species

1, Oregon White Oak ±
Ponderosa Pine
2, Oregon White Oak ±
California Oak
3, Sitka Spruce ±
Western Hemlock
4, Oregon White Oak ±
California Oak ±
Pacific Madrone
5, Douglas-fir ±
Tanoak ±
Pacific Madrone
6, Bigleaf Maple ±
Red Alder ±
Douglas-fir
7, Douglas-fir
8, Jeffery Pine

Quercus garryana ±
Pinus ponderosa
Quercus garryana ±
Pinus ponderosa
Picea sitchensis ±
Tsuga heterophylla
Quercus garryana ±
Quercus kelloggii ±
Arbutus menziesii
Abies concolor ±
Pseudotsuga menziesii ±
Libocedros decurrens
Acer macrophyllum ±
Alnus rubra ±
Pseudotsuga menziesii
Pseudotsuga menziesii
Pinus jefferyi
Abies concolor ±
Pseudotsuga menziesii ±
Libocedros decurrens
Pinus ponderosa
Pinus contorta
Tsuga mertensiana ±
Abies magnifica var. shastensis
Tsuga mertensiana
Abies magnifica var. shastensis

9, White Fir ± Douglas-fir ±
Incense Cedar
10, Ponderosa Pine
11, Lodgepole Pine
12, Mountain Hemlock ±
Red Fir
13, Mountain Hemlock
14, Red Fir

Mean Site Index
(m @ 100 years)

Min. Site
Index (m)

Max Site
Index (m)

SE Site
Index (m)

33

15

47

1.4

31

33

27

49

2.5

7

34

21

49

1.3

28

30

20

42

1.8

11

26

14

44

2.0

18

37

27

49

1.2

29

34
16
31

14
8
12

54
31
55

0.6
0.8
0.5

160
50
281

24
19
25

17
16
14

33
23
42

0.9
1.0
1.2

24
5
34

19
28

5
12

29
45

3.1
1.5

7
33

law or using more sophisticated radiative transfer models
(Gower, Kucharik, & Norman, 1999).

No. of
Survey Plots

Monthly, 1-km3 NDVI imagery for 1995 was used to
predict ffp.a from NDVI first using a linear equation

Fig. 2. Flow diagram of 3-PGS. The left hand side of the model, grey, contains components affecting predominately the hydrologic balance. Through stomatal
control the hydrological components affect the carbon balance of the forest (right side of diagram).
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developed by Goward, Waring, Dye, and Yang (1994) over
reference sites where ground-based measurements of ffp.a
were previously determined in western Oregon (Runyon,
Waring, Goward & Welles, 1994). Because data were
acquired for a different year, it was necessary to modify
the slope of the relationship to match the original groundbased data [see Eq. (1)].
f fp:a  1:27 NDVI ÿ 0:03:

1

2.5. Landsat TM satellite data
A 1995 summer Landsat TM scene was provided for the
study region by Warren Cohen, USFS Forest Science
Laboratory; Corvallis, Oregon. The original data was unrectified and had to be registered onto georectified images
using nearest neighbor resampling. Image to image root
mean square error for the study area was 25 m using 170
Ground Control Points (GCPS).
2.6. The 3-PGS model
A recently developed model (3-PGS) (Coops, Waring, &
Landsberg, 1998) utilizes a number of simple relationships
derived from earlier research that allow process-based
calculations to estimate forest growth in terms of a few
variables. The model is based on the 3-PG model of
Landsberg and Waring (1997), which gives more refined
estimates of growth based on species-specific allometric
relations and the ÿ 3/2 self-thinning law. A flow diagram of
3-PGS is presented in Fig. 2.
At monthly time steps the model requires absorbed
photosynthetically active radiation (fp.a), estimated as
50% global solar radiation (fs), which in this paper was
derived from an established empirical relationship based
on average maximum and minimum temperatures (Coops,

Waring, & Moncrieff 2000a). The utilized portion of fp.a
(fp.a.u) is obtained by reducing fp.a by an amount determined by a series of modifiers, which take values between
0 (system ``shutdown'') and 1 (no constraint) imposed by
(a) stomatal closure, caused by high daytime atmospheric
vapor pressure deficits (D); (b) soil water balance, which
is the difference between total monthly rainfall, plus
available soil water stored from the previous month, and
transpiration, calculated using the Penman-Monteith equation with canopy conductance (reaching a maximum value
of 0.02 ms ÿ 1) modified by L of the forest and constrained by monthly estimates of D (Kelliher, Lening,
Raupach, & Schulze, 1995); (c) the frequency of subfreezing temperatures ( < ÿ 2°C); and (d) a temperature quadratic function that varies between zero and unity to reduce
the photosynthetic capacity when monthly mean temperatures are suboptimal (Landsberg, Waring, & Coops, 2000).
The temperature optimum for coastal Douglas-fir is about
20°C, with a minimum threshold of 0°C and a maximum
of 40°C (Lewis et al., 1999). A number of general physiological parameters are required for the 3-PGS model.
These are listed in Table 2 (Gholz, 1982; Landsberg,
1986; Landsberg & Waring, 1997; Lewis, Olszyk, &
Tingey, 1999; Linder & Murray, 1998; Waring, 2000).
Gross photosynthesis (PG) is calculated by multiplying
fp.a by a canopy quantum efficiency coefficient (a). The
maximum quantum efficiency is a function of the soil
fertility, and in this study with evergreen conifers was set
to vary between 1.9 and 3.8 gC MJ ÿ 1 fp.a.u. A major
simplification in both forms of the model is that autotrophic
respiration (Ra) is considered a fixed fraction (0.53  0.04)
of PG (Landsberg & Waring, 1997; Law et al., 1999;
Waring, Landsberg, & Williams, 1998). The model partitions PN into root and aboveground biomass. The fraction of
total PN allocated to root growth increases from 0.2 to 0.6 as
the ratio fp.a.u/fp.a decreases from 1.0 to 0.2.

Table 2
Model functions and parameters used for Douglas-fir in this study
Variable
Light conversion efficiency of photosynthesis
Constraints of light conversion efficiency associated
with temperature
Fraction of radiation absorbed by canopy
Stomatal response to vapor pressure deficit
Wood density in stands < 20 years old
Maximum leaf stomatal conductance
Maximum canopy stomatal conductance
Fraction of production allocated to roots, monthly

Functions and
Parameter Values

Reference

Maximum ac ranges from 1.9 ± 3.8 g C MJ ÿ 1 fp.a.u,
increases linearly with soil fertility

Landsberg, 1986;
Linder & Murray, 1998;
Waring, 2000

Topt was set at 20°C, Tmin 0°C, and Tmax 40°C
1 ÿ [2.718 exp ( ÿ 0.5L)]
gc = gcmax exp ( ÿ 2.5D)
400 kg m ÿ 3
0.006 m s ÿ 1
0.02 m s ÿ 1
0.8/(1 + fp.a.u/fp.a.) * 2.5 * highest fI
Selects the most restrictive environmental constraint
(e.g., with value nearest zero); includes soil fertility

Lewis et al., 1999
Landsberg & Waring, 1997
Landsberg & Waring, 1977
Gholz, 1982

Landsberg & Waring, 1997

Symbols: L = leaf area index, m2 m ÿ 2; gcmax = maximum stomatal conductance, m s ÿ 1; fp.a = photosynthetically active solar radiation, MJ m ÿ 2
month ÿ 1; D = monthly mean daily vapor pressure deficit, kPa; fp.a.u = photosynthetically active solar radiation utilized, MJ m ÿ 2 month ÿ 1; dia. = average
stem diameter, mm; Topt = optimum temperature for photosynthesis; gc = stomatal conductance, m s ÿ 1.
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2.7. Data for 3-PGS model
2.7.1. Climate
Mean monthly minimum and maximum temperature and
precipitation surfaces of the region were obtained from the
Parameter-Elevation Regressions on Independent Slopes
Model (PRISM) (Daly, Neilson, & Phillips, 1994) to generate 200-m resolution grid estimates of the basic climate
parameters (Coops et al., 2000b).
2.7.2. Radiation
Monthly estimates of total incoming short-wave radiation were calculated using a modeling approach detailed
in Coops et al. (2000a), which allows solar radiation to
be predicted across landscapes through models that first
calculate the potential radiation reaching any spot of
ground and then reduce the value based on the clarity
(transmissivity) of the atmosphere (Bristow & Campbell,
1984; Goldberg, Klein, & Mc Cartney, 1979; Hungerford, Nemani, Running, & Coughlan, 1989). Changes in
the atmospheric transmissivity are mirrored in temperature extremes recorded daily and summarized monthly at
weather stations present in the study area. With a DEM
we adjusted for differences in slope, aspect, and elevation as well as for variations in the fraction of diffuse
and direct solar beam radiation (Buffo, Fritschen &
Murphy, 1972; Garnier & Ohmura, 1968; Hungerford
et al., 1989; Swift, 1976). Comparison with measured
radiation data demonstrated that the modeling approach
predicted both the direct and diffuse components of
mean monthly incoming radiation with 93 ± 99% accuracy. On slopes, mean monthly predictions of solar
radiation account for more than 87% of the observed
variation with mean errors < 2 MJ m ÿ 2 day ÿ 1 (Coops
et al., 2000a).
2.7.3. Soil fertility
For regional scale mapping and monitoring, the State
Soil Geographic (STATSGO) database is the most appropriate because it has been compiled at a consistent scale
(1:250,000) for all states. STATSGO soil data are compiled
from more detailed (SSURGO) soil survey maps and
information on geology, topography, climate, and vegetation, supplemented by images derived through remote
sensing from satellites. Using the United States Geological
Survey's (USGS) 1:250,000 scale, 1- by 2-degree quadrangle series as a map base, the soil data are digitized as
line segments to comply with national guidelines and
standards. Soil fertility was inferred from the STATSGO
mineralogy classes, which provided broad indications of the
fertility of the major soil types in the region using a lookup
table. The quantum efficiency ac was modified as a function of soil fertility based on the work of Coops and Waring
(2000) and Waring (2000) with ac increasing linearly from
1.9 ±3.8 gC MJ ÿ 1 fp.a.u as the fertility ranking increases
from 0 to 1.
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2.7.4. Soil water holding capacity
For each STATSGO soil series, the depth of each soil
horizon and its mean available soil water capacity (q) was
computed and summed for the entire profile to provide an
estimate of q for each polygon. This vector coverage was
then converted to raster format with a spatial resolution (size
of the cell) of 200 m, approximately equivalent to a
1:250,000 scale. If an individual cell was composed of
polygons representing more than one soil series, the dominant series was selected.
The mean values of q from the STATSGO data set was
modified to take into account fine-scale variation on the
DEM using Zheng, Hunt, and Running (1996) compound
topographic index (CTI) (Coops, 2000). The CTI is computed as a function of the contributing area up-slope of a
central cell and the slope at that central cell on the DEM
(Moore, Grayson, & Ladson, 1991). Higher values of CTI
tend to be found at the lower parts of watersheds and in
convergent hollow areas associated with soils of low
hydraulic conductivity or areas with more gentle slope than
average (Beven & Wood, 1983). Soil depth and silt and clay
content tend to increase from ridge tops to the valley
bottoms (Singer & Munns, 1987).
3. Simulations
The 3-PGS simulations were completed on a PC workstation using GIS software with meteorological and soil data
presented at 200-m spatial resolution. Model predictions
were made for 12 months from climatic data averaged over
a period of 30 years. To compare predictions with groundbased measurements of site index, we extracted model
predictions of maximum annual aboveground PA, more than
90% of which is stem and branch wood after stand closure
at about age 20, and compared these with the maximum PAI
given in the McArdle (1961) yield tables from field-derived
estimates of site index.
4. Results
Fig. 3 compares predictions of ffp.a estimated from the
single 30-m Landsat TM image and the annual maximum
predicted ffp.a value predicted by the 3-PGS model from the
AVHRR pathfinder data. The figure shows close agreement
in the prediction of ffp.a at the two spatial resolutions when
ffp.a is low; however, as the ffp.a increases, the correspondence between predictions is diminished, especially at
ffp.a > 0.7 (i.e., 70% of radiation intercepted).
The high resolution Landsat imagery provides the capacity to discriminate plots situated in locations where climatic
and soil properties vary significantly within the 1-km2 area
discerned with AVHRR imagery. The relationship between
ffp.a. predicted with the broad scale AVHRR imagery and
the fine-scale Landsat TM imagery is presented in Fig. 3.
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Fig. 3. Comparison of the fraction of photosynthetically active radiation absorbed by vegetation (ffp.a) estimated with AVHRR and Landsat TM imagery.

Although there is considerable variation, the SE of the
comparison of the AVHRR- and Landsat TM-derived ffp.a
is 7% over all plots. From this figure we conclude that errors
associated with estimates of ffp.a are likely not to be a major
contribution to errors in modeling forest growth capacity in
this study.

Interrogation of the Landsat TM-derived estimates of
ffp.a within each AVHRR 1-km2 cell indicated the maximum variation did not exceed 40% of ffp.a. Figure 4 shows
the relationship between the 3-PGS-predicted stemwood PA
compared to the site index maximum PAI obtained from the
forest data sets where the exact plot position was assumed to

Fig. 4. At individual survey plots (n = 492) modeled and measured maximum periodic annual increment (PAI) were poorly correlated (r2 = 0.13).
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be correct (i.e., plots on public lands). Fig. 4 indicates a very
poor relationship between the two variables (r2 = 0.13
although P < 0.001 with n = 492).
Based on the poor relationship in Fig. 4 and the degree of
variation present within each of the 1-km AVHRR cells, we
screened the 492 plot predictions of ffp.a to ensure that each
1-km2 AVHRR pixel was homogenous (maximum variation
did not exceed 20% of ffp.a). Using this screening procedure, together with the slope and aspect check, only 110
plots remained for the analysis. With this more stringent
selection of plots relationship between predicted and measured maximum, PAI only slightly improved (r2 = 0.4).
Some of this variation is no doubt associated with steep
topography and local variation in soils (Waring & Youngberg, 1972).
If local variation in topography and soils cannot be
adequately characterized, it is likely that they will be
misrepresented, and thus lower the predictive capacity of
any model. Although Landsat TM imagery may not provide
a great improvement in estimates of ffp.a, it is definitely
better than AVHRR imagery for discerning differences in
forest types. We therefore evaluated the possibility that
estimates of forest growth capacity derived from 3-PGS
using 1-km AVHRR imagery would show better agreement
when averaged for the 14 forest types presented in Table 1.
Using all of the plots, we found general agreement between
mean maximum PAI values of forest productivity predicted
and measured for the 14 forest types with similar SEs for
both sources (r2= 0.82, P\0.01, SE = 1.2 m3 ha ÿ 1yr ÿ 1,
n = 14; see Fig. 5).
The single outlier in Fig. 5 is the Coastal Rain forest
type. The maximum PAI for this type is consistently overestimated by the 3-PGS model. A detailed analysis of the
model predictions indicate that we probably assigned a toohigh fertility rating to the coastal soil types where the sitka
spruce-western hemlock dominates. As a result, the a value

Fig. 5. Measured and predicted maximum periodic mean annual increment
were highly correlated when stratified by forest types (r2 = 0.82)
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for this type was probably inflated, and less production was
allocated to roots than probably warranted.
If this forest type is excluded from the regression, the fit
is improved and is closer too the 1:1 relation (r2 = 0.92,
P\0.01, n = 13). This regression can be further improved
(r2 = 0.93, P\0.01, n = 13) by recognizing that pine growth
is 20% less and Sitka spruce 20% more than represented by
Douglas-fir yield tables (Hann & Scrivani, 1987).

5. Discussion
Our decision to estimate forest growth capacity rather
than actual growth greatly simplified the analysis. First, this
is because determination of site index is essentially unaffected by stocking density or stand age, whereas both of
these variables are required to estimate actual growth.
Second, because the L of western evergreen forests is
relatively stable throughout the year (Spanner et al.,
1994), a single estimate of maximum NDVI obtained when
deciduous plants are in full leaf during the summer is
adequate to characterize the seasonal canopy light absorption ( ffp.a) by fully stocked evergreen forests (Franklin,
Lavigne, Deuling, Wulder, & Hunt, 1997; Goward, Tucker,
& Dye, 1985; Goward et al., 1994). Third, extrapolation and
transformation of weather data can be accomplished with
fewer errors at monthly than at daily time steps (Coops et
al., 2000b). In spite of these advantages, our initial success
in predicting growth capacity at individual survey sites was
uninspiring, even with finer-scale estimates of NDVI provided by Landsat TM imagery. Only by recognizing the
spatial distribution of major forest types and stratifying were
we able to obtain general agreement between modeled and
measured growth capacity.
To what extent may we attribute the problem of estimating growth capacity to the quality of data available at
individual sites versus inappropriate assumptions in the
model? As a prerequisite to regional analysis, we first tested
the 3-PGS model and climatic extrapolation routines for 18
sites in the Siskiyou Mountains, where detailed information
on seasonal trends in the availability of soil water, bioassays
of soil fertility, leaf area estimates, and growth were
recorded (Coops & Waring, 2000). Model predictions of
seasonal water deficits and maximum periodic mean annual
increment both agreed within about 20% of measured
values. Considering that a 20% difference in growth capacity exists between Douglas-fir, our reference species, and
other tree species in the area, these results were encouraging. In addition, we have demonstrated that the 3-PGS
model and its precursor, 3-PG, apply well at other sites
(Coops, 1999; Landsberg et al., 2000), including those
where water vapor and CO2 exchange were monitored
continuously throughout the year to assess monthly variation in latent heat exchange and gross photosynthesis (Law,
Baldocchi, & Anthoni, 1999; Waring et al., 1995). With the
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objectives of estimating growth capacity of evergreen forests, the 3-PGS model seems well suited.
Alternatively, we discovered a number of problems in the
quality of data available. One gains the impression from the
widespread availability of DEMs that soil, topographic, and
related physiographic features of landscapes are accurately
mapped. We found, however, that in the mountains of
southwestern Oregon, many plot locations are inaccurate
(Coops, 2000). Although ground-based measurements of
elevation often agree with those derived from a DEM,
aspects and slopes may differ, which introduces large errors
in estimates of incoming shortwave radiation. A routine was
devised to shift plots to the nearest location with comparable
physiography (Coops, 2000), but the relocation may result
in shifts that can extend up to 430 m. In the data set
available in this analysis, all survey plots on private lands
were purposely shifted from their assumed ``true'' location
by 200 m. Even when an automated relocation routine was
applied, modeled and measured values of maximum PAI
were in poor agreement (r2 = 0.4).
Although there are problems in extrapolating climatic
data in mountainous regions, we have general confidence in
the approach, based on successful applications in the Siskiyou Mountains and elsewhere (Coops & Waring, 2000).
We also justify averaging weather data over 30 years as
appropriate for generalizing growth capacity of trees that
range in age from 20 to 200 years.
The two remaining variables that may account for lack of
agreement between modeled and measured growth capacity
at individual survey plots are soil properties related to water
storage and fertility. The estimates of available water that
can be stored in the rooting zone are derived as a function of
soil texture and topographic position. In general, the derived
values seem reasonable (Coops, 2000; Zheng et al., 1996),
although rooting depth is known to vary with species
(Waring & Running, 1998). On the other hand, soil fertility
is extremely difficult to interpret from soil surveys, even
when mapped at fine spatial resolution because release of
nutrients through decomposition and weathering vary with
the environment and are affected by species composition
and supplemental inputs of nutrients (Waring, 2000).
The STATSGO data set is consistent and applicable at
broad geographic scales, but is clearly inadequate for local
application, especially in mountainous areas. These inadequacies can be appreciated by inspecting soil type variation
present within a 1-km cell (Burrough, 1986) and recognizing the difficulty of locating survey plots accurately within
that matrix.
When estimates of soil fertility derived from STATSGO
classification were stratified within a specified forest type,
mean estimates of modeled growth capacity more closely
matched those derived from survey plots (Fig. 5). In areas
where we lacked independent assessment of soil fertility
through bioassays (Waring and Youngburg, 1972), such
as sitka spruce-western hemlock type along the Pacific
coast, we observed the greatest departure between mod-

eled and measured growth capacity. If we had complete
confidence in the extrapolation of climatic conditions and
assessment of ffp.a, we could adjust the assessment of
soil fertility to match yield predictions with those measured (Waring, 2000).
Alternately, advancements in remote sensing may offer
independent measures that more adequately address the
problem of interpreting soil properties and assessing growth.
With finer spectral resolution in satellite-borne sensors, we
recognize that it would be possible to characterize landscapes in regard to the concentration and total amount of
nitrogen in canopies (Martin & Aber, 1997; Matson et al.,
1994; Smith & Curran, 1995; Waring et al., 1995). Nitrogen,
although not the only nutrient affecting growth, is the one
most generally correlated with affecting photosynthetic
capacity and the partitioning of growth (Reich, Kloeppel,
Ellsworth, & Walters, 1995; Waring & Running, 1998).
Similarly, lidar technology offers the potential to estimate
net changes in forest biomass across landscapes with considerable accuracy (Lefsky, Harding, Cohen, Parker, &
Shugart, 1999). Growth estimates, however, will still need
to be stratified within broad vegetation units because sampling with lidar is intensive and therefore spatially limited.
In summary, we generalize from this analysis the following key points:






Models should be rigorously tested before applying
across landscapes.
Accuracy in locating plots and in extrapolating data
limits spatial resolution is essential.
Soil surveys in mountainous regions are inaccurate
and difficult to interpret.
Mapped vegetation classifications provide a useful
level of stratification.
Remotely sensed estimates of canopy nitrogen status
and biomass increment are needed to improve
regional assessments of growth.
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