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ABSTRACT

The abjective of this research was to devel op methods for mapping
arboreadl leaf areaindex (LALI) at the a pine treeline ecotone in Glacier
National Park, Montana using Landsat Thematic Mapper (TM) imagery. A
three-stage approach was tested for addressing the problem of mixed pixelsin
biophysical value estimation. This paper illustrates a proof of concept for this
method. First, we used spectral unmixing to obtain estimates of the percentage
of each pixel that was composed of tree, tundra, bare rock and shadow.
Spectral signatures obtained through image interpretation were used for
mixture modeling. The second step involved adjusting the pixel vegetation
index (V1) values so that they represented the VI of the tree-only portion of
the pixel, assuming an average V1 for background components. Finally, the
adjusted VI was regressed against leaf areaindex (LAI) measured in the field
using aLiCor LAI-2000 and spatially referenced through differential GPS.
Results using the adjusted V1 values were compared with unadjusted VI, as
were the results obtained using the normalized difference vegetation index
(NDVI) and the ssmple ratio (SR).

The resultsindicate that adjusted NDV I can be used to predict the
LAl of trees within mixed pixels much better than does unadjusted NDVI,
which overestimates the LAl because it includes non-arborea vegetation.
NDVI provided better results than did SR. A number of issues affect the
accuracy of LAl estimatesin practice: the accuracy of estimates of end-
member proportions obtained through unmixing, the adequacy of the end-
member average NDV | for removing the effects of non-arboreal NDV |
contributions, the non-synchronous nature of the satellite flight and field
work, and the accuracy of field estimates of LAl made using the LAI-2000.



INTRODUCTION

Theleaf areaindex (LAI) of aforest canopy isan indicator of forest
structure and function. LAl istheratio of the leaf surface area of a plant to the
amount of ground surface beneath it. Theindex is used to describe the
geometric structure of a plant or community. LAI has functional effectson
forest canopy light penetration, snow accumulation and melt, interception,
evapotranspiration, and, therefore, productivity and carbon budget (Waring
and Running 1998). Mapped LAI values provide a description of the spatial
pattern of forest structure and have served as inputs to functional models of
ecosystem biogeochemistry (Running and Gower 1991).

Red and near-infrared (NIR) spectral reflectance information acquired
from orbiting satellites have shown sensitivity to variationsin leaf areaindex
measurments made in the field (Peterson et al 1987; Spanner et al 1990;
Myneni et a 1997; White et al 1997). Reflectance from green vegetation is
much higher in NIR than in red wavelengths, whereas the increase in
reflectance from red to NIR in other cover typesisless pronounced. A
number of spectral vegetation indexes have been devel oped to exploit this
relationship. The normalized difference vegetation index (NDV1) combines
red and NIR reflectance in asingle index. NDV |1 values increase when NIR
reflectance increases. A curvilinear relationship has been demonstrated
between NDVI and LA, limiting the usefulness of NDV | for differentiating
LAl levels above about 4.0. A simple ratio (SR) between red and NIR
reflectance results in a nearly linear relationship with LAL.

Because NDVI and other index values are sensitive to any vegetation
within a given pixel, attempts to map the LAI of canopy vegetation alone are
complicated by background signal. Where background reflectanceis strong
and/or highly variable, the predictability of LAl from spectral informationis
weakened. One approach to correcting for the influence of background soil
and understory involves the use of spectral information in the middle infrared
(~1.5-2.0 um) wavelengths (Nemani et al 1993). By subtracting out the
background signal detected in the middle infrared wavelengths, corrected
NDVI and simple ratio indexes are designed to be more sensitive to the
canopy vegetation.

At the alpine treeline, where trees mix within afine spatial matrix
with tundra, meadows, and non-vegetated surfaces of rock and snow, the
effects of background reflectance on the spectral signal is pronounced, asis
the reduced predictability of LAI. Because canopy cover varies over the entire
range from 0 to 100 percent cover, the LAl at agiven location is as much a
function of the canopy cover asit is the structure of the canopy and
understory at that location. Much of the so-called background signal at
treelineis reflectance from meadow and tundra vegetation, which in many
cases has higher LAI and NIR reflectance than the coniferous trees of the
forest and is not appropriately addressed using the middle infrared correction.



This paper demonstrates an approach to estimating LAI of trees at the
apine treeline ecotone that combines linear spectral mixture modeling (Gong
et a 1994; Adams et al 1995) with vegetation index and LAI relationships at
treelinein Glacier National Park, Montana, USA. The approach addresses the
effect that the mixing of multiple vegetation cover types within each pixel has
on LAI estimation by first estimating the compoasition of each pixel, expressed
as end-member fractions. The end-member fractions are then used to adjust
the vegetation index values to estimate the vegetation index of thetreesin
each pixel. Then, the adjusted vegetation index values and tree LAl are
regressed to develop a predictive relationship for mapping the LAI of trees
only, with background LAl removed. The curves are compared with those
generated by White and others (1997), which describe relationships between
vegetation indexes and LAI across multiple vegetation communitiesin
Glacier National Park but which do not address treeline ecosystems.

STUDY AREA

The study is set at the alpine tregline ecotone in eastern Glacier
National Park, Montana, USA (Figure 1). The Park lies on the U.S.-Canada
border in the Rocky Mountain cordilleraand isroughly bisected by the
continenta divide. The eastern side of the Park has a substantially more
continental climate than the wetter and milder western side. The sub-alpine
conifer forests reflect these climatic differences, with the western side
consisting of species common in the forests of the Pacific Northwest. The
subal pine forests on the eastern side of the Park are dominated by Lodgepole
pine (Pinus contorta var. latifolia Engelm.), Quaking aspen (Populus
tremuloides Michx.), and Engelman Spruce (Picea engel mannii (Parry)
Engelm) at lower elevations and Subalpine fir (Abies lasiocarpa (Hook.)
Nutt.). The higher elevation treeline sites investigated in this study tend to be
dominated by Subalpine fir, but also contain Whitebark pine (Pinus albicaulis
Engelm.) and Limber pine (Pinus flexilis James) locally.

Trees at treeline tend to grow in clumps of matted growth forms,
called krummholz, which are capped by a dense layer of needles with very
little needle growth below. The canopy often contains substantial quantities of
dead needles and exposed wood from “flags,” which protrude from the mat.
Where trees grow erect they often contain a number of gaps and dead
branches or are shaped directionally by prevailing winds. Tree heights at our
treeline sites ranged from under 0.5 m to over 3 m, with the mgjority under 2
m. The treesin the treeline landscape are intermixed with adiverse
assembl age of tundra and meadow vegetation and rocky or gravelly surfaces
that are devoid of vegetation. The majority of the rock and gravel is derived
from underlying limestone and argillite formations. Repeat photography at
selected sites within the study area suggest that the landscape at treeline has
been quite stable over the past century (Butler et al. 1994).



-114 18 -11354 -113 30

CANADA

49 00

U.S. A

48 12

Figure 1. Glacier National Park, MT, USA with latitude and longitude lines. White boxes
indicate quadrat locations and are exaggerated in size.

METHODS

Data Collection
Field Data

Data on tree cover and LAI were collected at atotal of 38 sample
guadrats during the summers of 1998 and 1999 (Figure 1). The square
guadrats were sdlected at random from among known, undisturbed tregline
sites. They were 50 m by 50 min size and oriented along cardinal compass
directions; though 10 sites were oriented 40° off true north due to an error in
the compass declination setting. The center point for each quadrat was located
through post-processing GPS measurements for differential correction. Most
corrections were made using a base station in Missoula (about 200 km to the
south and west), but infrequently those data were unavailable and a stationin
Helena (about 260 km to the south and east) was used.



Within each quadrat, a map of the site was sketched in field notebook
and each individual tree or patch of trees (depending on growth form and
clumping) was labeled and the species was noted. The size of each tree or
tree-patch was estimated by recording the length of a primary and secondary
axis of the tree or patch on the ground. The axis lengths were measured by
tape measure or pacing. The axis lengths were then converted to area
estimates by assuming the shape of each tree or patch was oval. Summing up
the total area of trees and patches within a quadrat and dividing by the area of
the quadrat gave the percentage of the quadrat that was tree-covered. The
calculated values ranged from 2 to 50 percent, with an average of 17 percent.

The LiCor LAI-2000 Plant Canopy Analyzer was used to estimate the
“effective” LAI of trees within the quadrat. The instrument measures light
transmitted through the canopy using five concentrically nested sensors
(Welles and Norman 1991). Readings taken above the canopy are compared
with those taken below to determine the amount of area over which light is
intercepted by the needles. Because of contamination by self-shading and
branches the estimate is termed effective LAIl. A minimum mask size of 30°
was placed over the sensor to avoid contamination by the observer. Although
the calculation of LAI from the LAI-2000 readings assumes that radiation is
received from a diffuse source, as on a cloudy day, the field campaign was not
sufficiently flexible to enable the work only on cloudy days. Therefore,
readings were made on both sunny and cloudy days, introducing some
variability into the measurements.

For each tree and patch within a quadrat the average effective LAI
was estimated using one reading above the canopy and a minimum of five
readings below the canopy, distributed throughout the patch or tree. The
individual tree and patch were used to calculate an area-weighted estimate of
the average effective LAI of treesin the quadrat. Quadrat effective LA, or
LAlg, wascalculated as> (A, « LAI,) / Ag, where A, isthe area of agiven
patch within the quadrat, LAI, isthe average LAI of that patch, and A4 is the
area of the quadrat.

To compare the LAI calculations with the results presented by White
and others (1997) the LAl values were adjusted twice. Firt, all LAl values
were converted to projected LAI by multiplying by a combined clumping
correction factor (CCCF), which adjusts for the non-random (i.e., clumped)
distribution of needles and contamination by branches. Because of clumping
and enhanced self-shading, the LAI tendsto be underestimated by the LAI-
2000 in coniferous forests (Gower and Norman 1991). However, woody
tissue in the canopy can, even in the presence of clumping, cause an over-
estimation of projected LAI by the LAI-2000 (Deblonde et al. 1994). Ideally,
the CCCF accounts for both of these major sources of bias. In the harsh
treeline environment a variety of growth forms develop, including dense mats,
flagged trees, and dead branches. Because of the small size of many of the
trees and patches, many of the LAl readings were taken very near to the tree
stems. All quadrat-scale LAI-2000 readings were, therefore, multiplied by



0.75, which is alower CCCF than values reported for homogenous stands of
large coniferous trees (White et a. 1997), but it emphasizes the influence of
branch, stem, and dead needle contamination.

The second adjustment was to convert projected LAl values to total
LAI by multiplying them by 2.0. Projected LAI represents one-sided |esf
area, whereas total LAI accounts for the two-sided flat needlesin the tree
canopy. The resulting estimate is termed LA Iy, because it includes only
arboreal vegetation in the quadrats.

Remotely Sensed Data

A Landsat Thematic Mapper (TM) image of the park, Worldwide
Reference System (WRS)-2 path 41 and row 26, was acquired on September
1, 1995 under clear sky conditions (Plate 1). Although the imagery was flown
three to four years before the field work was conducted, the rel ative stability
of treeline vegetation (Butler et al. 1994) suggests that substantial changes
were unlikely. Nonetheless, the inter-annual and seasonal variability of LAI
may introduce uncertainty into this analysis (Deblonde et a. 1994). The
image was georeferenced to zone 12 of the UTM coordinate system using
orthographic rectification to remove the effect of terrain displacement. The
geometric terrain correction made use of amosaic of USGS 7.5-minute 30-
meter digital elevation models (DEMS). A root-mean-squared (RMS) error of
< 15 mwas obtained using 21 control points, which were read from USGS
7.5-minute topographic quadrangles.

The radiometric calibration approach was identical to that of White et
al. (1997) to ensure comparability of results. Raw digital numbers (DNSs) in
the TM image were converted, first, to radiance by (a) applying gain and
offset values for sensor calibration provided in the image header file and (b)
adjusting the visible channel values to correct for path radiance by subtracting
the DN value obtained in clear lakes. Next, radiance val ues were converted to
exoatmospheric reflectance using the method of Leprieur and others (1988;
c.f. White et al. 1997). The reflectance calculation includes a correction for
the effects of terrain on solar incidence using the DEMs.

Two vegetation indexes were computed using the red (TM3) and
near-infrared (TM4) channédls from the TM image. NDV| was computed as
(TM4-TM3) / (TM4 + TM3) and the simpleratio (SR) asTM4 / TM3.

Each of the index values was estimated for all of the field quadrats
through image resampling. We used both bilinear interpolation and cubic
convolution for the resampling and found very little difference in the results.
The index values resampled through bilinear interpolation were subsequently
used in the testing and analysis of unmixing and LAI estimation.

Digital Orthophoto Quadrangles (DOQs) of the Park were used as a
second source for validating tree cover estimates. Theimage filesare
orthographically rectified black-and-white aeria photographs that are stored
at 1-meter resolution. The files were provided in a UTM-rectified digital



image format and image subsets were extracted for our study sites. Tree cover
within each quadrat was determined using a manually defined brightness
value threshold in the DOQs. Once a brightness threshold was defined
interactively, the threshold was applied such that pixels with brightness values
below the specified threshold were labeled “trees’” and pixels with higher
brightness values were labeled “ not trees.”

Linear Mixture Modeling

Linear mixture modeling assumes that the pixel values, expressed as
digital numbers (DNs), are linear combinations of reflectances from alimited
set of constituent elements, called end-members. For a given wavelength
channel, the DN of agiven pixel can be expressed using Equation 1:

DN, =DNy -« f; + ... + DNg » fu+&, and Sf,=1 1)

where DN,, is the reflectance observed in wavelength channel A, DNy, isthe
reflectance observed for end-member k in wavelength channel A, fy isthe
fraction of the pixd that isin end-member cover type k, and €, isthe error for
that particular channel. If the number of wavelength channelsis at least as
large as the number of end-members (k), then end-member spectral values,
observed in the field or using image interpretation, can be used to obtain
estimates of the fraction of each pixel that isin each end-member. Here the
singular value decomposition approach described by Gong and others (1994)
was used to solve for the f, values. Two constraints were maintained in the
solution of f values: 1) the fractions across all end-members sum to one, asin
Equation 1, and 2) each end-member fraction isin the range [0,1].

The error term for each channel is calculated and summarized across
al channels using the root-mean-squared (RMS) error. The RMS error isa
measure of the goodness of fit of the model and can be mapped by pixel to
examine its geographic distribution.

Although unmixing works best with hyperspectral data, i.e., where the
number of independent spectral dimensionsis large, Adams and others (1995)
showed that it can work reasonably well with Landsat TM data when the
number of end-membersis kept small. The focus of this work on the alpine
treeline ecotone naturally limits the end-members to the landscape
components found in that environment. Therefore, four end-members were
identified for this application: trees, tundra, barren surfaces, and shadow.
Spectral values for each end-member within the six reflected TM wavelength
channels (Figure 2) were identified through image interpretation to identify
pixelsthat were relatively free of contamination from other end-members
(Adams et al. 1989). Although spectra were measured in the field using a
portabl e spectro-radiometer, we used image end-members to limit problems
associated with image calibration. Although these end-members served the
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Figure 2. Spectral signatures of four end-members on six TM channels. Error bars indicate 1
standard deviation about the mean value.

analysis well, the tundra category, which included both wet and dry tundra,
was relatively heterogeneous and would be broken into two categories if
additional spectral channels were available.

The results of the unmixing process were evaluated by comparing the
derived tree end-member fraction, estimated at each quadrat location through
bilinear interpolation, with the tree end-member fractions calculated: 1) in the
fidd, and 2) from the DOQs. Comparisons were summarized graphically and
through the use of the RMS error.

The unmixing process was an interative one, in which 1) training
pixels were selected on-screen, 2) the unmixing was performed, 3) the RMS
errors resulting from the unmixing run were examined, 4) the RM S errors
based on comparison with field and photo tree fractions were examined, and
5) the channels and/or end-member training areas were adjusted to achieve the
result which minimized both errors. The best result was obtained with
relatively small number of the purest training pixels (603, 131, 1236, and
3247 for trees, tundra, bare, and shadows, respectively) and the following
input channels: TM3, TM4, TM5, and NDVI.

Adjusting Vegetation I ndex Values

Having obtained estimates of the fractional composition of each pixel
in each end-member, the vegetation index values were adjusted such that they
represented the tree-only contribution to the pixel value. This step represents,
in essence, a second mixture model, thistime for the vegetation index (V1)
signal. The VI values were from NDV | and SR. The approach assumes that
the VI value for a pixel results from the linear combination of VI values from
each of the end-member components, asin Equation 2:

leixel = ftree'Vltree + ftundra’VItundra + fbare'VIbare + fshadow'Vlshadow +E 2)



where Vl,ixe iS the index value observed for the pixel, € is measurement error,
and the inputs are the fs and Vs for each end-member. By assuming an
average V| for each of the non-tree components and rearranging the equation,
an estimate of the tree-LAl is obtained using Equation 3:

Vltree =VI pixel ~ ftundra'V|tundra - fbare'Vlbare - fshadovvv'shadow -€ 3)

An obvious limitation on the accuracy of this estimate involves the
degree to which any of the non-tree components have a greater variability in
the VI than does the tree component, i.e., the degree to which the mean is not
agood estimate of the non-tree VI value everywhere. Figure 3 illustrates the
differences between means and variations in vegetation index values among
end-members and the large variability in vegetation index values for tundra,
owing to the inclusion of both wet and dry tundrain the class.
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Figure 3. Average vegetation index values by end-member component, with one S.D.
barsindicating variation.

VI-LAI Relationships

Origina and adjusted vegetation index values (VI and V),
obtained in the previous step, were regressed against the leaf areaindex of
trees, measured in the field. Curves were fitted to the relationship using an
exponentia form for NDVI and alinear form for SR. Thefitted curves were
compared with those generated by White and others (1997) in their analysis,
which was based in Glacier National Park but used homogenous vegetation
types. White'set al. (1997) analysis produced Equations 4 and 5 for
estimating total LAI from NDVI and SR:

LAI = 0.2273 g*9721NOVD) 4)

LAI = 1.2565(SR) + 0.069 5)



The fits of the curves generated here using unadjusted V1 values are compared
with those generated using V | and both adjusted and unadjusted curves are
compared among the two indexes (NDV1 and SR).

RESULTSAND DISCUSSION

Unmixing for End-member Fractions

Although there was generally good agreement between the
orthophoto- and field-based estimates of percent trees, the fraction in trees
tended to be overestimated by unmixing (Figure 4). Most of the estimates of
fiee @bOVe 0.3 are over-estimates. The RMS Errors from the unmixing ranged
from 0 to 9.41 across the entire Park, in units of reflectance, with the highest
values accurring in lakes and snow patches. Because water and snow were not
included as end-members the error in fraction estimates were quite high in
areas dominated by these cover types. At snow-free tredine sitesthe RMS
errors were generally well below 1.0.
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Figure 4: The fraction of trees estimated through unmixing, compared with observed
fractions from digital orthophotographs and field observation.

The approach to estimating tree LA| developed here is dependent on
acquiring accurate estimates of the fractional composition of each pixel, so
that adjustments to NDVI and LAI values can be made. The best estimates of
tree, tundra, bare rock, and shadow fractions (Plate 2) were used here to
illustrate the LAI estimation process.

Three approaches are considered reasonabl e for dealing with the
observed biasin tree fraction estimates. First, better estimates should be
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attainable with a hyper-spectral sensor. Thiswould alow for a greater
number of purer end-members. Second, the observed bias (Figure 4) can be
used to downwardly adjust the percent trees estimate. This approach is only
reasonableif other end-members are adjusted upward. The similaritiesin
spectral signatures (Figure 2) and the observed mixed pixel combinations
(Plate 2) suggest that forests were most likely to have been confused with
shadow. Therefore any decrement in forest fraction might be attributable to
shadow. Finally, some uncertainty in the end-member fractions estimatesis
inevitable. Propagation of the uncertainty through the estimation of LAI might
be conducted through Monte Carlo simulation to acquire, at least, an estimate
of the uncertainty in LAI estimates resulting from uncertainty in the end-
member fraction estimates. Although none of these approaches is described in
more detail here, due to space limitations, using this technique in practice may
require that one or several of them be implemented to improve the accuracy of
resulting estimates.

VI-LAI Relationships

Four regression models were generated to fit curvesto the
relationships between the vegetation indexes and LAl in the quadrats
(Figure 5). A totd of six quadrats were eliminated from the analysis. Each of
the six were anomal ous situations and outliersin the regression. The most
obvious outliers were due to quadrats that were heavily shaded and the tree
fractions were under-estimated in favor of shadow. The others appeared to be
affected by other site conditions that weakened the estimates of either the
field LAI or the satellite vegetation indexes (e.g., steep slopes, patch
configurations).

The relationship between the unadjusted NDVI (NDV I 5ixe) and
LAl Was relatively weak (R* = 0.028; Figure 5A). When LAl Was
estimated using the equation presented by White et al. (1997), it was clear that
it was over-estimated (RMSE = 3.07). The equation presented by White et al.
(1997) was fitted to data collected from several ecosystem types and included
LAl from all sources (i.e., canopy and understory), but the LA lyee
measurements were for the coniferous tree canopy only. When the influences
of non-tree vegetation were removed from the NDV 1 signal (Figure 5B), the
fit to the data increased significantly (R* = 0.191), as did the ability of the
White equation to estimate LAl (RMSE = 0.60).

Theresultsfor SR suggest a similar pattern, however the fits of the
relationships with LAl were not as good as with NDV . Using the unadjusted
SR (SRyixe), the linear relationship with LAl had an R? of 0.008. Again, the
curve fit by White et al. (1997) substantially overestimated LAl (RMSE =
3.64). Upon adjusting for non-tree vegetation (SRy.e) the relationship
improved to a still-weak R? of 0.04. The RMSE of thefit of the datato
White' s et al. curve for SRy Was 2.40. Using White' s equation and SRyee
resulted in an over-estimation of LAl ee.
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Figure 5: Relationships between vegetation indexes and quadrat LAl measured using
the LAI-2000. R? indicates the fit of the curve fitted to the data (thinner line) and

RM SE indicates the fit of the equation presented by White et a. (1997) to the data
(heavier line), using the original and adjusted VI values to estimate LA.

NDVI provided a much better estimate of LAl than did SR. Thisis
consistent with White' s et a. (1997) results, in which thefit of the
relationship between NDVI and LAl was R? = 0.90 but the fit for SR and LA
was R? = 0.74. Although the saturation of the LAl signal in NDVI at aLAl of
about 4.0 would normally limit the applicability of NDVI for estimating LAI,
LAl @t treeline tended to be much lower. In fact, al quadrat LA lyee
estimates made in this study were below 3.0, suggesting that saturation is not
aproblem.

Two differences between these studies explain the lower fit for the
data presented here when compared to White' s et al. data. First, estimating the
vegetation index contribution of trees only was more challenging than
estimating the value for all vegetation in apixel. Thisisespecialy true where
thereisagreat deal of uncertainty or bias in the estimates of the end-member
fractions. Second, White' s et al. field data were more extensive and, more
importantly, were aggregated by vegetation cover type. This aggregation
across arange of sites averaged out much of the site-to-site variability present
in the data used here.
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This analysis suggests that, by adjusting the NDV | value to remove
the effects of non-tree vegetation, the LAI of trees can be approximated.
Because the data used by White et al. (1997) to develop LAI-NDVI
relationships were more compl ete, their equation was applied using the
adjusted NDV 1 values (NDV lyee) t0 estimate L Alyee Of pixels within the Park
(Figure 6).

Figure 6. Subset image of Glacier National Park study area showing (A) total LAI
estimated using NDVI and Equation 4 and (B) LAl estimated using NDVI adjusted
to reflect the tree-only component and Equation 4.

CONCLUSIONS

The method presented here permits the quantification of forest canopy
characteristics where the forest has an open canopy and mixes spatialy with
other cover types. The approach combines vegetation index (V1) based
estimates of leaf areaindex (LAI) with spectral unmixing to isolate a
particular canopy component. Specifically, by adjusting VI valuesto
represent only the tree component of pixels, maps of the LAI specific to
conifer trees were generated. The fit of VI-L Al relationships was
dramatically improved using the unmixing-based adjustments of V1. Although
the results for the SR index were rdatively weak, the NDVI-LAI relationship
developed and published by White et al. (1997) provided reasonably good
estimates of L AlyeWhen applied to adjusted NDV I values (NDV ). The
resulting maps are useful where estimates of tree distribution and condition
are required regardless of the landscape mosaic within which they are found.
This approach to combining unmixing and parameter estimation should have
applicability for estimating other biophysical properties, including albedo and
PAR.
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Although the results suggest that the technique may be promising for
estimating component vegetation characteristics, the approach requires further
refinement. The potential for propagation of error in the analysisis
particularly troublesome and consistent with the relatively low levels of fit
found in thisanalysis. A sensitivity analysisto determine the most important
sources of error has not yet been undertaken. However, potential errors
appear at several stepsin the process. Errors contributing to uncertainty in the
result include: (1) LAl measurements taken with the L AI-2000 on sunny days
areless reliable than those taken on cloudy days; (2) error in the unmixed
fractions, especially a bias towards over-estimating the tree fraction; (3)
variability in the end-member mean VI estimates used to calculate V |y,
especially theinclusion of both wet and dry tundrain the tundra end-member;
and (4) the non-synchronous satellite and field data collection efforts. The
relative importance of each of these sources of error isunknown at this point.
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Plate 1: False-color Thematic Mapper composite for a portion of Eastern Glacier
National Park, Montana.

16



Plate 2: A color composite of end-member fraction images for the tree (displayed in
green), tundra/meadow (in blue), and bare rock (in red) end-members.

Brighter colorsin a color represents higher fractions of the end-member. The
degree of black implies the presence of shadow.
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