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Without better estimates of soil properties than are currently available from coarse-scale maps, it is difficult
to predict forest productivity accurately across broad regions. While soil properties are not directly available
from remote sensing data, they can potentially be inferred from linking these properties to observations that
are readily available from satellite data, such as vegetation leaf area. We took advantage of the direct link that
exists between above-ground productivity and maximum leaf area index (LAImax) to derive and map soil fer-
tility (FR) and available soil water storage capacity (ASWC) at 1 km resolution across forested areas in west-
ern North America. Initially, we generated estimates of LAImax with a process-based growth model (3-PG),
holding soil properties constant (FR=50% of maximum, ASWC=200 mm). To derive more realistic esti-
mates of soil properties we inverted the model to infer FR and ASWC from iterative non-linear adjustments
of the two soil properties so that model-predicted LAImax values corresponded closely with MODIS-derived
observations. We parameterized 3-PG for the most widely distributed tree species in the region,
Douglas-fir. The resulting maps were notably more detailed than those derived from the globally available
Harmonized World Soil Database. Among 51, level III ecoregions, and the ranges in the two soil properties
tended to increase in parallel with LAImax. Further improvements in the approach are envisioned by combin-
ing MODIS and LiDAR observations to extend the range and accuracy of LAImax observations.

© 2012 Elsevier Inc. All rights reserved.
1. Introduction

Most regional and global-scale assessments of forest productivity
ignore variation in soil properties because conventional soil maps
are too coarse in scale, differ in nomenclature, and are inconsistent
across political boundaries (Lathrop et al., 1995; Mulder et al., 2011;
Zheng et al., 1996). Soil maps rarely take into account differences in
the intensity of forest management (Canary et al., 2000), variation
in atmospheric deposition (Talhelm et al., 2012), and biological fixa-
tion of nitrogen (Compton et al., 2003). In seasonally arid environ-
ments, both the fertility and water storage capacity of soils must be
known to predict productivity accurately. How above-ground growth
responds to increasing concentrations of atmospheric CO2 also de-
pends on soil fertility and the extent that drought alters the
partitioning of resources below-ground (Hyvönen et al., 2007; Oren
et al., 2001).

If process-based models are properly parameterized, and include
information on soil properties, they can often predict annual growth
of plantations within the errors of measurement (Almeida et al.,
2004, 2009; Stape et al., 2004). Without such knowledge, predictions
of productivity rarely account for more than 70% of the measured
rights reserved.
variation (Coops & Waring, 2001; Latta et al., 2010; Swenson et al.,
2005). Clearly, more spatially accurate and consistent mapping of
soil properties would be desirable.

What means are available to evaluate soil properties across large
areas? One possible approach is to utilize the link between soils prop-
erties, climate, and productivity. While soil properties are not directly
available at larger scales from remote sensing data, one possible ap-
proach to obtaining soil maps is from using their relationship to
land surface properties that are readily available from satellite data,
such as vegetation leaf area. For instance, within a region where the
dominant life form of vegetation is similar, variation in canopy densi-
ty, expressed as maximum leaf area index (LAImax), is recognized as a
surrogate of growth potential (Waring, 1983; Waring et al., 2005).
The LAImax is relatively insensitive to forest disturbance if other vege-
tation is allowed to grow (Goetz et al., 2006). In areas where water is
readily available but nutrients are scarce, applications of fertilizer can
more than double above-ground growth (Axelsson & Axelson, 1986;
Stape et al., 2004). Likewise, where soils are fertile, but water is lim-
ited, LAI and productivity increase with irrigation (Stape et al.,
2004). Where both water and nutrients are suboptimal, providing
these resources in ample amounts may increase LAI by nearly 3-fold
(Ryan et al., 1996).

Conceptually, we face a situation similar to that of hydrologists
whom only have measurements of annual precipitation and stream
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flow. They may assume that water vapor transfer to the atmosphere
represents the difference between the two measured values. Further,
if the density of vegetation varies, they might infer that the ratio of
transpiration (T) to evaporation (E) will increase with LAI. In our
case, we assume that difference between modeled and measured
LAImax is attributed to the two soil properties. Further, we expect
that the importance of FR, compared with ASWC, will increase as
climatic conditions favor an increase in LAImax, regardless of the initial
values selected for soil properties.

Since 1979, earth-orbiting satellites have provided a means of
quantifying variation in LAI at various resolutions, spatially and tem-
porarily (Cohen et al., 2002; Tucker, 1979). Most current satellite-
derived estimates of LAI are imperfect. In sparse vegetation the reflec-
tance spectra include background from soils and litter as well as the
vegetation (Gao et al., 2000), and in dense vegetation the reflectance
signal saturates below maximum values (Myneni et al., 2002). De-
spite these limitations, available global estimates of LAI, provide a
spatially exhaustive and contiguous reference for comparison of
values generated from process-based growth models and offer the
possibility, through sensitivity analyses, of deriving reasonable esti-
mates of soil fertility and available soil water storage capacity.

In this paper, we apply an iterative modeling approach across for-
ested lands in western North America, where LAImax is first modeled
with fixed values of FR and ASWC and compared with satellite-
derived values. Through further sensitivity analyses, incremental
changes in the two soil properties are made until convergence is
attained with MODIS LAImax. The final products are mapped at a spa-
tial resolution of 1 km across the forested component of 51, level III
ecoregions included within the study area and compared with maps
of related soil properties derived from other sources.

2. Data and methods

2.1. Description of study area

Across western North America, the distribution of flora is largely
correlated with spatial variations in temperature and precipitation. Be-
cause of the mountainous terrain, climatic variation is extreme, with
nearly the total range in forest productivity (3.0–25 Mg ha−1 yr−1)
and leaf area (0.5–10.0) recorded across a transect in western Ore-
gon of b250 km (Runyon et al., 1994). Fig. 1 presents the distribution
of 51, level III, ecoregions included within the study area. These in-
clude four broad subregions as indicated by color differences in
Fig. 1.

Themost productive subregion is included in theMarineWest Coast
Forest zone, which extends from Alaska in a progressively narrowing
band to San Francisco. Western hemlock (Tsuga heterophylla) and
Sitka spruce (Picea sitchensis) are present throughout most of this fog-
belt defined zone, with Douglas-fir (Pseudotsuga menziesii), coast red-
wood (Sequoia sempervirens), Alaska yellow cedar (Chamaecyparis
nootkatensis), western red cedar (Thuja plicata) and grand fir (Abies
grandis) well represented in some areas.

The Northwest Forested Mountains is the second most productive
subregion in the study area. Douglas-fir and western hemlock are
abundant in mixtures with Pacific silver fir (Abies amabilis), noble fir
(Abies procera) and western larch (Larix occidentalis). At higher eleva-
tions and latitudes, lodgepole pine (Pinus contorta), whitebark pine
(Pinus albicaulis), mountain hemlock (Tsuga mertensiana), subalpine
fir (Abies lasiocarpa), and Engelmann spruce (Picea engelmannii), are
characteristic species.

On drier sites, ponderosa pine (Pinus ponderosa) and incense cedar
(Calocedrus decurrens) are usually present. Ponderosa pine extends its
range southward into the fringe of the North American Desert, with
further reductions in productivity. In Oregon and northern California,
in the rain shadow of the Cascade Mountains, open pine forests grade
into western juniper (Juniperus occidentalis) woodlands and finally to
sagebrush steppe (Franklin & Dyrness, 1973; Runyon et al., 1994). In
the southwestern U.S., tree species make up only 2% of the flora, but
include extensive stands of pinyon pine and juniper (McLaughlin,
1986).

Although the climate is extremely varied across the study area, the
number of tree species is less than half that recorded in the Appalachian
Mountains in the eastern part of the continent (Nightingale et al.,
2008; Waring et al., 2006), with the most biological diversity in the
Klamath Mountains (ecoregion 6.2.11) of southwestern Oregon and
northwestern California (Whittaker, 1961). Two species, Douglas-fir
(P. menziesii) and ponderosa pine (P. ponderosa), cover the widest
array of forested environments in the study area (Little, 1971). We
selected Douglas-fir as the most representative species of the two
because its distribution covers more than 70% of the study area and
the widest range in productivity (Hermann & Lavender, 1990).

2.2. Process-based growth model

There are a variety of physiologically-based process models avail-
able for use, however, only a few have been designed to scale projec-
tions of photosynthesis, evapotranspiration, structural growth, and
mortality across landscapes (see reviews by Mäkelä et al., 2000;
Nightingale et al., 2004). Among the most widely used is the 3-PG
model (Physiological Principles Predicting Growth) developed by
Landsberg andWaring (1997)which, when coupled with a decomposi-
tion model, provides estimates of net carbon exchange (Peng et al.,
2002). 3-PG provides a compromise between highly complex, fine-
temporal scale, process models, and those applied at annual time-
steps. It is based on a number of established biophysical relationships
and constants and incorporates simplifications that have emerged
from studies conducted over a wide range of forests (Landsberg et al.,
2003).

The basicmodel assumptions of 3-PG are as follows: a)monthly time-
steps in climatic data are adequate to capturemajor trends, b) knowledge
of the most limiting variable constraining photosynthesis each month is
sufficient, c) autotrophic respiration (Ra) and net primary production
(Pnet) are approximately equal fractions of gross photosynthesis (Pg),
d)maximumcanopy conductance approaches a constant as LAI exceeds
3.0, and e) the proportion of photosynthate allocated to roots increases
with drought and decreases with nutrient availability (Landsberg &
Sands, 2010).

The 3-PG model calculates gross photosynthesis, transpiration,
growth allocation and litter production at monthly intervals, and
takes into account deficiencies in precipitation in previous months
and years by sequentially up-dating a soil water balance. At monthly
time steps, the model is unable to compute a snow water balance ac-
curately, although one may assume that precipitation in months with
average temperatures below freezing is in the form of snow. At annu-
al time steps, the model sums monthly changes in tree number, mean
diameter, stand basal area, above-ground volume and biomass, and
updates changes in LAI.

In this study, we parameterized the 3-PG model using allometric
data from conventional forestry yield tables and physiological obser-
vations from a range of previous studies, as summarized for
Douglas-fir in Waring and McDowell (2002). To account for seasonal
adjustments in temperature optima (Hember et al., 2010) and the ge-
netic variation among populations of Douglas-fir, we broadened the
range that photosynthesis could remain above 50% of maximum to
lie between 0 °C and 35 °C by setting minimum, optimum, and max-
imum temperatures at −7 °C, 18 °C, and 40 °C, respectively. The
photosynthetic response at temperaturesb−2 °C was truncated to
zero, because, below that threshold, stomata are generally closed
(Hadley, 2000; Running et al., 1975). The fertility-dependent growth
modifier in the 3-PG model is a function of the soil fertility rating, FR,
which ranges between 0, for the poorest soils, and 1 for highly fertile
soils (Landsberg &Waring, 1997). Landsberg and Sands (2010) define



Fig. 1. Spatial distribution of 51 U.S. Environmental Protection Agency (EPA) level III ecoregions, identified by number in the study area. Refer to Tables 1 and 2 for more detail.
Different colors represent level I designated ecoregions. Gray corresponds to areas of no forest. (For interpretation of the references to color in this figure legend, the reader is re-
ferred to the web version of this article.)
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soil fertility as a site property and therefore the same for all species.
Differences among species in their response are incorporated into
the process-based model by altering how quantum efficiency is
changed and the way that growth is allocated above- and below
ground. Soil fertility is difficult to assess through any set of static
soil analyses because growth is restricted by the flux of nutrients to
roots, not the concentration per se (Ingestad, 1982). The most pro-
ductive sites, with a long growing season and adequate water, place
the highest demand for nutrients from the soil. Sites with lower pro-
ductivity exert less demand and usually for much shorter durations,
i.e., primarily when conditions are favorable for shoot elongation. It
is at such times, when growth potential is highest, that soil fertility
is best assessed (Waring & Youngberg, 1972). This usually corre-
sponds to when LAI is near its maximum value. We set soil fertility
to vary over its full range between 0 and 1, with direct coupling to
canopy quantum efficiency (α), which was assumed to vary between
0.02 and 0.055 mol C/ mol photon (1.1 to 3.03 gC MJ−1) absorbed
photosynthetically active radiation. AWSC was allowed to vary be-
tween 0 and 300 mm (Waring & McDowell, 2002).

2.3. Climatic data

To obtain climate surfaces over the regionwe utilized interpolations
of climate station data produce using non-linear adjustments formoun-
tainous terrain as produced and described by Hamann and Wang
(2005). The weather observations used by Hamann and Wang (2005)
were acquired from thousands of stations irregularly distributed
throughout the region and interpolated spatially using Climate-WNA
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(http://www.genetics.forestry.ubc.ca/cfcg/ ClimateWNA/ClimateWNA.
html). A 90 m-Digital Elevation Model (DEM), obtained from the
Shuttle Radar Topography Mission (SRTM), was converted to 1 km to
provide comparable spatial data with climatic extrapolations. We uti-
lized surfaces developed using 2000 data onwards.

Mean monthly daytime vapor pressure deficits (D) were estimat-
ed by assuming that the water vapor concentrations present through-
out the day would be equivalent to those that would be obtained if
the mean minimum temperature is assumed equal to the mean dew
point temperature (Landsberg & Sands, 2010). Because humidity
deficits exceed a stomata-closing threshold of >2.5 kPa (Waring &
Franklin, 1979) in the most arid savannas (Plaut et al., 2012), no ad-
justments were made to compensate for conditions where the hu-
midity did not reach 100% at night (Kimball et al., 1997). The
maximum D was calculated each month as the difference between
the saturated vapor pressure at the mean maximum and minimum
temperatures. Mean daytime D was calculated at two thirds of the
maximum value (Waring, 2000).

The number of days per month with subfreezing temperatures
(≤2 °C) was estimated from empirical equations with mean mini-
mum temperature (Coops et al., 1998). In modeling, we did not at-
tempt to account for extremes in temperature that might kill native
species because chances of such events are low, given that most
tree species in the region can exceed 500 years of age under natural
conditions (Schulman, 1954; Waring & Franklin, 1979).

Monthly estimates of total incoming short-wave radiation were
calculated using a modeling approach detailed by Coops et al.
(2000) where the potential radiation reaching any spot is first calcu-
lated and then reduced, based on the clarity (transmissivity) of the at-
mosphere. Changes in the atmospheric transmissivity are mirrored in
temperature extremes (Bristow & Campbell, 1984). With a digital el-
evation model, we adjusted for differences in slope, aspect, and eleva-
tion as well as for variations in the fraction of diffuse and direct solar
beam radiation (Hungerford et al., 1989). Relative to direct measure-
ments, modeled values of the direct and diffuse components of inci-
dent solar radiation were predicted with 93–99% accuracy on flat
surfaces and accounted for >87% of the observed variation, with a
mean errorb2 MJ m−2 day−1, on sloping terrain (Coops et al., 2000).

2.4. MODIS leaf area index

Satellite-derived estimates of leaf area index were obtained from
the MODIS Collection 5 LAI (MOD15A2) global products over nearly
a decade, beginning in year 2000 day 49 and ending in year 2009
day 361. The MODIS LAI product is derived every 8 days at 1 km spa-
tial resolution (Knyazikhin et al., 1998). The algorithm has been com-
pared to field observations across a wide range of biomes and
conditions in the past decade (Cohen, 2003; Gu et al., 2006; Myneni
et al., 2002; Weiss et al., 2007; Zhang et al., 2003). We used a recently
re-processed MODIS v5 LAI dataset that provides improved estimates
by filtering out low quality images and by imposing a time-series
analysis with TIMESAT software (Jönsson & Eklundh, 2004) to con-
firm instrument calibration (Yuan et al., 2011). From this dataset we
computed the maximum annual LAImax for each year from 2000 to
2009 and then averaged these values for each pixel over the period.
Forested or woodland areas across the study area were defined
using the MODIS-derived UMD (University of Maryland) land cover
classification scheme.

2.5. Inversion of 3-PG

When run in the regular (forward) mode, 3-PG predicts growth
potential (here referred to as LAImax) as a function of FR and ASWC.
In the inverted model, FR and ASWC can be derived, if the growth po-
tential is known. In our approach, we assume that the MODIS-derived
LAImax values represent the current growth potential at each pixel,
therefore FR and ASWC can be derived from inverse modeling of
3-PG. The inversion process seeks to minimize the difference between
forward modeled and observed data (here LAImax) by adjusting the
model input (FR and ASWC) iteratively based on a priori knowledge
to allow 3-PG estimates of LAImax to converge on values derived
fromMODIS. This kind of model inversion is described mathematical-
ly by Verstraete et al. (1996) as a non-linear minimization problem.
Different algorithms are available for inversion of non-linear models,
with the choice based on their relative efficiency in minimizing the
residuals between forward modeled (here: 3-PG estimates of LAImax)
and measured observations (here: MODIS LAImax).

In this study, we selected a trust-region-reflective algorithm based
on the interior-reflective Newton method (Coleman & Li, 1996;
Coleman et al., 2002). The algorithm allows us to define the range
in data to reasonable values (FR=0–1.0; ASWS=0–300 mm).
While this technique is well suited to infer multiple inversion prod-
ucts simultaneously, one limitation is that it may generate values
that converge on the maximum value of one of the desired products
(ASWC or FR), especially if the inversion variable (LAImax) is too uni-
formly distributed. To mitigate this problem, if it occurred, we
implemented a two-step backup algorithm to infer ASWC and FR
within a 3×3 pixel moving window.

The iterative procedure was implemented in a series of steps. We
first tried to solve for FR and ASWC simultaneously, assuming initial
values of FR (0.5) and AWSC (200 mm).Where estimates of LAImax

did not converge, we next assumed for areas with LAImaxb3 that
water was likely to be more limiting than fertility, based on field mea-
surements of plant water stress and LAImax across a transect in Ore-
gon (Runyon et al., 1994). Hence we solved for ASWC with FR set at
0.60. Similarly, for areas with LAImax≥3, FR was designated the
most important of the two soil properties, and derived by setting
ASWC at 170 mm. In a final step, the less sensitive of the two soil
properties was derived by holding the value obtained in step one con-
stant. In all simulations, the 3-PG model was initialized with 1000
seedlings per hectare and allowed to grow trees for 50 years under
averaged monthly climatic conditions for the period 2000–2009.

2.6. Comparable soil data

We have already pointed out that accurate regional information
on soil properties in a form required for modeling rarely exists, partic-
ularly across political boundaries. Moreover, because the scale of
most regional and continental soil maps ranges from 1:500,000 to
1:1,000,000, much of the heterogeneity in soils is obscured
(Landsberg & Coops, 1999). One of the few sources of comparable
data across the western portion of North America is that derived
from the Harmonized World Soil Database (HWSD), which is a com-
pilation of existing regional and national soil information at a
1:5,000,000 scale acquired from the FAO-UNESCO Soil Map of the
World (FAO, 1971–1981 http://www.fao.org/nr/land/soils/digital-
soil-map-of-the-world/en/). The dataset over North America is pri-
marily the same as the FAO soil map of the world (i.e., with a spatial
resolution of 1 km (30 arc seconds)) and was designed to be useful to
those charged with assessing crop yields and response to climate
change within recognized agricultural and ecological zones (Batjes,
2011).

Within the standardized GIS structure of the HWSD, we extracted
estimates of water storage capacity and soil depth, and organic car-
bon content in the upper horizons and subsoil, to a maximum depth
of 1 m. In the case of soil water capacity, estimates were available
in 5 classes defined in 25 mm intervals between 50 and 150 mm
with a 6th class representing ≤15 mm/m. Organic carbon, averaged
for each soil horizon down to a maximum depth of 1 m, served as
an index of soil fertility on well drained sites (Batjes, 2011). Similar
to our treatment of soil water storage capacity, the organic carbon
data were separated into 4 classes 0.2–0.6, 0.61–1.2, 1.21–2.0 and
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>2.0 %. Soils that are extremely low in organic carbon (b0.2%) require
enrichment with organic or inorganic fertilizer to be at all productive;
soils with an organic matter content of less than 0.6% are also consid-
ered infertile for agriculture. Although the ratio of carbon to nitrogen
in soils approaches a constant for similar types of vegetation (Zinke &
Strangenberger, 2000), the relation between total nitrogen and that
available to plants is logarithmic (Swenson et al., 2005).

3. Results

Fig. 2(a) contrasts 3-PG predicted LAImax using fixed soil proper-
ties to those derived from MODIS (2b). General agreement is shown
between the two estimates for the highly productive forests in the
Pacific Northwest and the least productive areas in Canada and across
much of the southwestern U.S. Large differences between the two
Fig. 2. Contrast between predicted and satellite-derived estimates of leaf area index (LAI).
ASWC at 200 mm. (b) LAImax derived from MODIS over the period from 2000 to 2009.
estimates of LAImax are apparent in the Sierra Mountains of California,
portions of RockyMountains, and elsewhere. If we assume that LAImax

is truly represented from MODIS, then large differences between
modeled and measured LAImax reflect significant variation from one
or both of the default soil properties used in the initial runs with
3-PG.

Fig. 3 presents maps of (a) soil fertility and (b) available soil water
storage capacity created in this project, derived from the iterative in-
version process described in Section 2.5. It can be seen, by comparing
the map of MODIS-derived LAImax in Fig. 2 with the derived values for
(a) FR and (b) ASWC in Fig. 3, that the most productive sites in the
Pacific Northwest Region not only have favorable climates but also
relatively deep and fertile soils. In contrast, much of the forested
land east of the crest of the Cascade and Sierra Mountains receives
sparse rainfall and endures hot, dry summers. In these regions, LAImax
(a) Simulated for forested areas with 3-PG with soil fertility at 50% of maximum and
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is generally b2.0 and the majority of soils are relatively infertile and
often shallow. More details on the range of soil properties in each of
the 51 level III ecoregions are provided in Tables 1 and 2. The basic
trends in FR and ASMC depicted in Fig. 3 are supported by the
coarse-scale maps of soil properties acquired from the Harmonized
World Soil Database shown in Fig. 4(a) and (b).

4. Discussion

4.1. Relative importance of the two soil properties

In areas where precipitation is sufficient to support LAImax

values>3.0, drought, if it does occur, generally lasts for only a few
months (Runyon et al., 1994). In such cases, soil fertility largely deter-
mines the height growth and density of vegetation, because, at the
more drought-prone sites, the growing season starts early with fully
water-charged soils (Waring & Cleary, 1967; Waring & Major, 1964;
Waring & Youngberg, 1972). In the 3-PG model, as FR increases, the
quantum efficiency increases linearly, up to 3-fold. That response
makes photosynthesis per unit of leaf area highly sensitive to soil fertil-
ity, assuming that other factors do not severely limit the process. On the
other hand, ASWC affects photosynthesis only when water is consider-
ably depleted in the soil profile. Both soil properties, when suboptimal,
shift the limited amounts of photosynthate available away from above-
to below-ground production (Landsberg & Waring, 1997).

In areas where precipitation is severely limited, such as the pinyon
pine-juniper woodlands in the southwestern U.S., photosynthesis is
often water limited for more than half the year, although the LAImax

is generally below 1.5 (Peterman et al., 2012). The soils lack organic
matter and are generally infertile. To a somewhat lesser degree,
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ponderosa pine, which supports an LAImax usually b2.5, is also a veg-
etation type where water limitations exceed that imposed by soil fer-
tility (Coops et al., 2005). These observations highlight the
significance of the threshold value of LAImax at 3.0. It could be argued
that ponderosa pine would be a more representative species than
Douglas-fir, particularly in the more arid parts of the study area. How-
ever, preliminary comparisons of the two species on sites with LAImax

ranging from 1.0 to 10.0 m2 m−2 were found in close (±0.5) agree-
ment (unpublished).

4.2. Comparisons with broad soil surveys

Our mapping of soil fertility in Fig. 3 shows considerably more de-
tail than that provided in HWSP product (Fig. 4). In part, this reflects
Fig. 3. Values derived with the 3-PG model under average climatic conditions (2000–2009
forested zones in the study area.
the definition of only 4 classes of soil carbon content in the latter, as
well as a coarser spatial resolution. Swenson et al. (2005) refined
the link between soil carbon content and available nitrogen across
forested areas in the west-coastal state of Oregon, producing a map
that showed much closer agreement between FR predictions within
that part of the study area (Fig. 3). The wide range in FR reported in
Table 1 for southwestern Oregon (Klamath Mountain ecoregion,
6.2.11) is a reflection of differences in underlying parent materials,
which range from infertile serpentine-derived soils to those derived
from graphite schist with ammonium in the parent material
(Dahlgren, 1994). All ecoregions had some soils mapped as infertile,
but only those able to support values of LAImax>6.0 (Fig. 3) ranked
high in FR (i.e., >0.6) in Table 1. Most of the ecoregions with high
values of FR are located in the northwestern part of the United States
) for (a) soil fertility (FR), and (b) available soil water holding capacity (ASWC) across
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and in parts of British Columbia and Alberta (Fig. 1). We believe that
some soils in the Coast Ranges of Oregon and Washington, where
nitrogen-fixing species of Alnus dominate following disturbance, are
much more fertile than represented in Fig. 3, but this is masked in
our analysis because LAImax above 7.0 cannot be discriminated with
passive remote sensing (Myneni et al., 2002).

The HWSD maps of ASWC (Fig. 4) show much closer general
agreement with our classification than was the case with FR (Fig. 3).
The maximum value of 150 mm in the HWSD classification is a reflec-
tion of limiting the analyses to the depth of 1.0 m. Our maps delineate
values up to 300 mm, which are more realistic, given that trees even
in the Coast Range of Oregon can extend their roots to >2 m depth.
Transpiration rates there average 3 mm day−1 during the dry sum-
mer months, if limited by drought, would not be able to support ob-
served growth rates (Waring et al., 2008).
4.3. Forecasted improvements in monitoring LAImax

Methods to predict LAImax from optical remote sensing imagery,
such as MODIS rely on the spectral response characteristics of green
leaves compared with other land surface materials (Zheng &
Moskal, 2009). As a result, the effect of the background soil, atmo-
sphere and viewing directions can all impact the accuracy of LAI pre-
dictions. While 250 m spatial resolution data can help minimize some
of these effects, the LAI estimates do still only provide regional esti-
mates of LAI. In addition however the optical prediction of LAI be-
comes saturated at LAImax values>7.0. Because LAImax values can
extend in the field to 10 and even 12 m2 m−2 (Waring, 2000), the it-
erative modeling approach is unable to discriminate the most fertile
soils and productive sites with passive remote sensing. Airborne
LiDAR has the ability to quantify the full range in LAImax (Lefsky et



Table 1
Range in simulated values of soil fertility (FR) among 51 ecoregions.

10.1.5 Central Basin and Range

10.1.3 Northern Basin and Range

10.1.4 Wyoming basin

10.1.7 Arizon/New Mexico Plateau

9.4.3 Southwestern Tablelands 

10.1.6 Colorado Plarteaus

10.1.8 Snake River Plain

13.1.1 Madrean Archipelago

9.3.3 Northern Great Plains

9.3.4 Nebraska Sand Hills

9.4.2 Central Great Plains

3.4.1 Kazan River and Selwyn Lake Uplands

6.1.4 Wrangell and St. Elias Mountains

6.2.9 Blue Mountains

9.4.1 High Plains

10.2.0 Mojave Basin and Range

6.2.13 Wasatch and Uinta Mountains

6.2.10 Middle Rockies

7.1.4 Pacific Coastal Mountains

6.2.14 Southern Rockies

10.1.2 Columbia Plateau

10.2.2 Sonoran Desert

2.4.2 Aberdeen Plains

3.2.2 Mackenzie and Selwyn Mountains

7.1.5 Coastal Western Hemlock-Sitka Soruce Forests

2.4.1 Amundsen Plains

6.2.15 Idaho Batholith

7.1.6 Pacific and Nass Ranges

5.1.1 Athabasca Plain and Churchill River Upland

2.4.4 Queen Maud Gulf and Chantrey Inlet Lowlands

6.2.8 Eastern Cascades Slopes and Foothills

6.2.4 Canadian Rockies

11.1.1 California Coastal Sage Chaparral, and Oak Woodlands

3.4.5 Coppermine River and Tazin Lake Uplands

3.2.3 Peel River and Nahanni Plateaus

6.2.12 Sierra Nevada

9.3.1 Northwestern Glaciated Plains

3.3.1 Great Plains

10.1.1 thomson-Okanogan Plateau

6.2.5 North Cascades

11.1.2 Central California Valley

6.2.1 Skeena-Omineca-Central Canadian Rocky Mountains

6.1.5 Watson Highlands

6.2.3 Columbia Mountains/Northern Rockies

7.1.7 Stait of Georgia/Puget Lowland

6.2.2 Chilcotin Ranges and Eraser Plateau

6.2.6 Cypress Upland

5.4.3 Mid-Boreal Lowland and INterlake Plain

5.4.1 Mid-Boreal Uplands and Peace-Wabaska Lowlands

6.2.11 Klamath Mountains

3.3.2 Hay and Slave River Lowlands

7.1.9 Willamette Valley

5.4.2 Clear Hills and Western Alberta Upland

9.2.1 Aspen Parkland/Northen Glaciated Plains

7.1.8 Coast Range

6.2.7 Cascades

9.2.2 Lake Manitoba and Lake Agassiz Plain

6.1.6 Yukon-Stikine Highlands/Boreal Mountains and Plateaus

11.1.3 Southern and Baja California Pine-Oak Mountains

0.0 0.1 0.2 0.3 0.4

Fertility Ranking

0.5 0.6 0.7 0.8
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Table 2
Range in simulated values available soil water storage capacity (ASWC) among 51 ecoregions.

3.2.2 Mackenzie and Selwyn Mountains

10.1.7 Arizona/New Mexico Plateau

10.1.6 Colorado Plateaus

10.2.1 Mojave Basin and Range

6.1.4 wrangell and St. Elias Mountains

3.2.3 Peel River and Nahanni Plateaus

10.1.4 Wyoming Basin

10.1.3 Northern Basin and Range

6.2.4 Canadian Rockies

10.1.5 Central Basin and Range

10.2.2 Sonoran Desert

6.2.9 Blue Mountains

13.1.1 Madrean Archipelago

5.1.1 Athabasca Plain and Churchill River Upland

6.2.8 Eastern Cascedes Slopes and Foothills

6.1.5 Watson Highlands

6.2.15 Idaho Batholith

6.2.10 Middle Rockies

6.2.13 Wasatch and Uinta Mountains

3.4.5 Coppermine River and Tazin Lake Uplands

3.3.1 Great Bear Plains

6.2.12 Sierra Nevada

9.4.3 Southwestern Tablelands

7.1.4 Pacific Coastal Mountains

10.1.2 Columbia Plateau

9.4.1 High Plains

6.2.5 North Cascades

11.1.1 California Coastal Sage, Chaparral, and Oak Woodlands

10.1.1 Thompson-Okanogan Plateau

6.2.2 Chilicotin Ranges and Eraser Plateau

11.1.3 Southern and Baja California Pine-Oak Mountains

10.1.8 Snake River Plain

11.1.2 Central California Valley

3.4.1 KazanRiver and Selwyn Lake Uplands

6.2.14 Southern Rockies

2.4.1 Amundsen PLains

9.3.4 Nebraska Sand hills

5.4.3 Mid-Boreal Lowlands and Interlake Plain

6.2.7 Cascades

7.1.6 Pacific and Nass Ranges

9.3.3 Northwestern Great Plains

Coastal Western Hemlock-Sitka Spruce Forests

9.4.2 Central Great Plains

2.4.2 Aberdeen PLains

7.1.7 Strait of Geogia/Puget Lowland

3.3.2 Hay and Slave River Lowlands

2.4.4 Queen Maud Gulf and Chantrey Inlet Lowlands

7.1.8 Coast Range

9.3.1 Northwetern Glaciated Plains

6.2.11 Klamath Mountains

9.2.1 Aspen Parkland Glaciated Plains

9.2.2 Lake Manitoba and Lake Agassiz Plain

7.1.9 Willamette Valley

6.2.6 Cypress Upland

5.4.1 Mid-Boreal Uplands and Peace-Wabaska Lowlands

5.4.2 Clear Hills and Western Alberta Upland

6.2.3 Columbia Mountains/Northern Rockies

6.2.1 Skeena-Omineca-Central Canadian Rocky Mountains

6.1.6 Yukon-Stikine Higlands?boreal Mountains and PLateaus

0 20 40 60 80 100 120 140 160 180 200 220

ASWC (MM)
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al., 2002), and recently, in combination with MODIS, satellite-borne
LiDAR has also aided in providing the first world-wide estimates of
tree heights and above-ground biomass (Lefsky, 2010; Tollefson,
2009).

4.4. Weaknesses in the approach

We are not under the illusion that the maps produced in Fig. 3 are
truly accurate, although the classifications appear reasonable where
we have on-the-ground experience. We also know, from direct mea-
surements of tree water potentials and transpiration, that ASWCmust
be assessed on forested soils to a depth much deeper than 1 m
(Jackson et al., 2000). Where soil maps accurately assess ASWC, it is
possible to predict tree mortality to drought-related bark beetle at-
tacks with considerable accuracy (Peterman et al., 2012).
Fig. 4. Coarse-scale 1:5,000,000 maps provided by the Harmonized World Soil Database (a)
available soil water storage capacity (mm, to depth of 1 m) for forested zones within the s
Another weakness in the current approach is the assumption that
LAImax is actually reached where insects, pathogens, fire, and logging
continue to disturb forests. More detailed analyses over longer pe-
riods should help, along with improved instruments to quantify vari-
ation in LAI, however the launch of the MODIS sensor in 1999 and
2002 limits this type of analysis using this sensor to only from those
times forward. Other longer-term datasets do exist, such as NOAA
AVHRR data, however calibration and prediction of LAI from these
sensors are more problematic.

The spatial extrapolation procedures used to provide the climatic
drivers, and simplifications in the 3-PG model itself, combine to limit
the accuracy in predicting LAImax. Similarly, the parameterization of
3-PG for Douglas-fir growing in a coastal environment (Waring &
McDowell, 2002) is unlikely to represent the genetic variation across
the entire study area. In future applications of the approach, we propose
soil carbon content classes (4 classes: 0.2–0.6, 0.61–1.2, 1.21–2.0 and >2.0 %) and (b)
tudy area.



Fig. 4 (continued).
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to compare results using additional species (e.g., ponderosa pine). We
hope that others will test the approach locally with different species,
more refined models, and higher spatial resolution.

5. Conclusion

A real need exists for improved maps of soil properties to model the
impact of changing climate, rising levels of atmospheric CO2, and nitro-
gen deposition on forests. We took advantage of a general linear rela-
tion that exists between LAImax and forest productivity to estimate soil
fertility and available soil water storage capacity across western North
America at 1 km spatial resolution. In doing this, an optimization tech-
nique was utilized that adjusts estimates of FR and ASWC to match
values of LAImax derived from NASA's MODIS instrument. The resulting
maps showed a general increase in both soil properties with increasing
LAImax. Further improvements in the approach require increased accu-
racy in satellite-derived estimates of forest growth and LAI, as well as
wider testing of the approach in specific areas.
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