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Abstract

Montane coniferous forests and woodlands in the Front Range of the Colorado Rocky Mountains have been subject to increased wildfire in
recent years. The area and intensity of these fires is strongly dependent upon the spatial variability and type of fuels as they are arrayed across the
landscape. Considering the size of the patches and the mosaic of fuel materials, high spectral and spatial resolution estimates of vegetation
components and fuel types are needed to improve fire risk assessment, especially around the wildland/urban interface. Here we used highly
resolved remotely sensed imagery, in combination with several spectral techniques to map major forest components and fuel types in montane
coniferous forests in the Colorado Front Range by discriminating the fractional covers of photosynthetic vegetation (PV), non-photosynthetic
vegetation (NPV) and bare soil at a sub-pixel level. An accuracy assessment based on a dataset including 34 field transects indicated that we could
explain fractional cover of 73.5%, 40.3%, and 77.6% for PV, NPV, and soil respectively through the use of hyperspectral indicators. Based on the
fractional cover of these components, we were able to assess the spatial patterns of vegetation and fuel characteristics at a landscape scale.
Throughout the study areas, PV fractions were dominant (48.7%), followed by NPV (28.8%) and soil (22.5%). However, due to microclimate and
disturbances such as fire, insect infestations and forest management practices, the spatial distribution of fractions was highly heterogeneous. There
was a high fraction of PV in mature forest and on north-facing slopes, and a high fraction of NPV and bare soil in areas with recent disturbance
such as fire or insect infestation. In severely burned areas, bare soil was dominant. Fuel treatments reduced the fraction of PV by 11.7%, and
increased fractions of NPV by 7.4% and bare soil by 4.5%. These results suggest that hyperspectral remote sensing can be an excellent indicator of
not only fuel fractional cover, but of fuel condition after fire, thereby greatly improving regional fire risk assessment.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

Wildland fires have become intense and more frequent
during the past decade in the western U.S. states (Brown et al.,
2004) as a result of maturing second-growth forests, climatic
change (Fried et al., 2004), and long-term fire suppression
(Keeley et al., 1999). Many of these fires were in the wildland/
urban interface, and so caused severe property damage and
threatened human life (Schoennagel et al., 2004). Meanwhile,
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large scale severe forest fires also strongly influence vegetation
structure (Dwire & Kauffman, 2003; Laughlin et al., 2004),
forest productivity (Keane et al., 1990), ecosystem carbon
storage (Law et al., 2003; Lynch & Wu, 2000), and increase the
chance of soil erosion (Pierce et al., 2004) and exotic species
invasion (Fornwalt et al., 2003). Clearly, it is very important to
develop accurate ways to assess fuel characteristics and predict
the probability of fires occurring in heterogeneous landscapes
(Mast et al., 1998), such as in the Colorado Front Range, so as to
prioritize areas for most efficient fuel treatments along wildland/
urban interfaces.

Many forest characteristics determine the spatial distribution
of fuels and the potential for severe fire, including green canopy
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closure, vegetation moisture, horizontal and vertical biomass
distribution, the ratio of live to dead plant materials, and the
distribution of bare ground (Andersen et al., 2005; Dennison et
al., 2003; Romme, 1982; Scott & Reinhardt, 2001). The spatial
patterns of these characteristics are fundamental information for
fire potential assessment and fire behavior modeling (Keane et
al., 1990; Miller & Urban, 2000; Scott & Reinhardt, 2001) and
many of the characteristics have been linked to spatial distri-
bution of green vegetation, dead plant materials, and bare soil
(Asner et al., 1998). Airborne and satellite imagery have been
used by forest managers and researchers in forest fuel survey and
fire risk assessment for decades, and have shown their advantage
across extensive remote areas (Bergen et al., 2000; Hyyppa et al.,
2000; Roberts et al., 2003). Traditional field forest survey is still
important for ground validation and local-scale study, but is
extremely labor intensive and difficult to extrapolate accurately
over large areas.

At regional to global scales, remotely sensed fuel and fire
studies have been focused on deriving fuel moisture
(Dennison et al., 2003), estimating total biomass or fuel,
and, mapping fire distribution and frequency (Burgan et al.,
1998; Justice et al., 2002) using Landsat, MODIS, and
AVHRR data. At a local scale, Lidar data have been widely
used to analyze vertical forest structure and to estimate fuel
variables such as crown bulk density, tree height and basal
area (Andersen et al., 2005; Hall et al., 2005; Lefsky et al.,
2002). In recent years, imaging spectroscopy or hyperspectral
remote sensing have been demonstrated to be useful for the
spectral and spatial discrimination of these fire-related
vegetation attributes at a sub-pixel level (Roberts et al.,
2003; Ustin et al., 2004). Given sufficient spatial resolution
and sensor performance, hyperspectral data provide detailed
reflectance information of various fuel materials over the
400–2500 nm region and have shown a much higher accuracy
than multi-spectral datasets (Green et al., 1998; Hyyppa et al.,
2000; Van Wagtendonk et al., 2004). In arid and semi-arid
regions, hyperspectral data have provided detailed surface
information on fractions of green vegetation, non-photosyn-
thetic vegetation, and bare soil, as well as canopy structure
(Asner & Heidebrecht, 2003; Roberts et al., 1993; Ustin et al.,
2004) in sparse vegetation. However, this information has
been very limited in forest areas and even more limited in fuel
analysis.

In this study, we sought to map three major components of
forest fuels, photosynthetic vegetation (PV), non-photosynthet-
ic vegetation (NPV) and bare soil using Airborne Visible/
Infrared Imaging Spectrometer (AVIRIS) data, validated by
field forest transect samplings. Our objective was to answer the
following questions: 1) Can these forest materials be dis-
criminated using high spectral resolution data? 2) What are the
fuel characteristics and their spatial distribution for areas
planned as fuel treatment areas in a National Forest? 3) Finally,
how do disturbances such as mechanical thinning and recent
fires alter fuel characteristics? These three questions address the
potential for hyperspectral remote sensing for predicting fuel
distribution as well as analyzing the effectiveness of fuels
treatments.
2. Data and methods

2.1. Study sites

The study sites are located in the Pike National Forest in the
Colorado Front Range, approximately 40–80 km southwest of
the Denver metropolitan area. Elevations in the area vary from
1900 m in the east to 2800 m in the west; above this elevation is
the subalpine zone which has a substantially different fire
regime, and which we did not study. Vegetation types in the
montane region include ponderosa pine (Pinus ponderosa) and
Douglas-fir (Pseudotsuga menziesii var. glauca) forest, mixed
conifer forest (the above species plus Pinus contorta, Picea
pungens, Abies lasiocarpa) forest, woodland dominated by
Pinyon pine (Pinus edulis) and juniper (Juniperus scopulorum),
occasional aspen stands (Populus tremuloides) and patches of
shrub (Cercocarpus montanum)/grassland on south-facing
slopes. Watersheds within the Pike National Forest serve as
major recreation and water supply areas for Denver residents.
As a wildland/urban interface, the area also contains about 4000
households, and has been facing increasing human impact, with
a relatively large population growth. From 1990 to 2000 the
population in the Colorado Front Range increased by 30.3%
(Colorado State Demography, 2003, http://dola.colorado.gov/
demog/Housing.cfm). In June 2002, the Hayman Fire, centered
at Cheesman Lake on the South Platte River, burned 55,750 ha
of natural vegetation and destroyed more than 600 structures,
costing nearly 40 million dollars (Graham, 2003). Burn severity
ranged from severe, with complete crown mortality, to mixed
severity with patchy overstory mortality interspersed with less
severe understory fire (Graham, 2003; Schoennagel et al.,
2004). The Hayman Fire killed most of the above-ground bio-
mass in a 9830-ha area around Cheesman Lake, and left patches
of unburned or lightly burned conifer forest in the south-eastern
portion of the fire area. Other nearby fires included Buffalo
Creek (1996), Hi Meadows (2000), and Schoonover (2002), all
of which had large areas of complete or nearly complete
overstory mortality. We examined the Hayman, Buffalo Creek,
and Hi Meadow fires in the study (Fig. 1).

Much of the area in the Colorado Front Range has similar
elevation, soils, and climate to the Hayman fire area; yet the
forest structure is very variable within the region due to local
variation in environment and a long history of human impacts
(Veblen et al., 2000). Logging began in the 1870s, intensive
grazing shortly thereafter, and fire suppression during the 20th
century (Baker, 1992). Prior to fire suppression, there were three
large scale forest fires recorded in 1723, 1851, and 1880 at
Cheesman Lake, which created large areas of openings and a
mosaic of forests with various canopy cover (Brown et al., 2004;
Kaufmann et al., 2001). During most of the 20th century there
were no major forest fires in the region, and fuels gradually
increased and forest openings declined (Kaufmann et al., 2000).
The 1996–2002 fires mentioned above represent the largest
burned area during the entire past half century.

As a fire mitigation effort, the U.S. Forest Service (USFS)
developed forest fuel treatment projects in the South Platte
watershed to systematically reduce fuel loading using prescribed

mailto:jiong@virginia.edu
mailto:jiong@virginia.edu


Fig. 1. Location of study area highlighted as grey rectangle.
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burning and mechanical thinning. We closely collaborated with
USFS managers who were planning and conducting fuel
management treatments.

We made field measurements in the study areas in the fall of
2002 and 2003 as part of a NASA funded application study on
fire hazard analysis and carbon sequestration. The field mea-
surements included fractional cover of major forest components
for canopy and understory, fuel loading of each size class, field
spectra of dominant photosynthetic and non-photosynthetic
materials, as well as fire severity (Brown et al., 1982; Asner et
al., 1998). We established 100 m transects located within rela-
tively homogeneous landscapes in the region. Most importantly
for this paper, these data were used to estimate the fractional
covers and derive standard field spectra of forest components
for validating estimates from AVIRIS data.

2.2. Field measurements of fractional cover

We made field measurements of fractional cover along 34
100-m forest transects randomly selected in our study areas. We
generated 246 random points within each of the burned areas,
eliminating points with poor accessibility. Burn severity was
also considered during sample site selection, to maximize the
diversity of sites sampled. Along each 100-m transect, we
randomly selected 5 points at approximately 20-m intervals, and
used Brown transects (Brown et al., 1982) and modified-Whit-
taker methods (Stohlgren et al., 1995) for field sampling. At
each of the points we laid out a 15-m transect at a randomly
selected angle from the original 100-m transect. Along each 15-m
sub-transect we measured: 1) complete overstory inventories of
tree diameter, height, age, species, live or dead status, and stem
mapped tree location; 2) percentage cover of live leaves, live
branches, charred branches, scorched branches, and openings of
canopy layer using a densiometer; 3) percentage cover of shrub,
herbaceous, litter, woody debris, bare soil, and rock on the
ground; and 4) evidence of recent fire and burn severity (Omi &
Martinson, 2002). For overstory measurements, we counted all
small trees (less than 3 m tall) within a 3-m radius from the end
point of the 15-m transect, and measured four large trees at the
beginning point. We used the 15-m transect line to divide the area
around the beginning point into four quadrants. We selected the
closest tree in each quadrant that is greater than 3 m tall and
measured diameter at breast height (DBH), tree height, height to
the first live branch, height of burned parts of the tree, burn
severity, bark thickness, and crown width. We used these data to
develop regions of interest (ROIs) of various fuel types, to
calculate fractional covers of each forest component (PV, NPV,
and soil) for ground reference data, and to summarize fuel
loading for each sample site.

We used the 2002–2003 transect data to calculate the fractional
cover of PV, NPV, and soil. For the canopy layer, we measured
percentage cover of live tree crowns, dead tree crowns, and
openings.We summarized live tree crowns as PV, dead tree crowns
as NPV, and openings as total understory cover. For understory, we
measured fractional cover of bare soil (soil), herbaceous (NPV/
PV), shrub (PV), rock (soil), woody debris (NPV), and litter
(NPV). We then summarized the fractional cover of PV, NPV, and
soil for each transect. These field-based fractional cover values
were later used to validate our hyperspectral estimates.

2.3. Field spectral reflectance measurements

We acquired field reflectance spectra of plant species and
various materials including deadwood, char wood, duff, litter,
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Fig. 2. (A) Field spectra for a conifer forest showing the separation of PV (live
canopy, shrub, live grass), NPV (deadwood, senescent grass, litter), and bare
soil. (B) Field spectra for a burned forest showing the separation of PV (live
canopy, shrub, live grass), NPV (senescent grass, litter, deadwood), and bare soil
(soil, char wood).
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bare soil, and rock in late September to mid-October with a
FieldSpec Pro spectrometer (Analytical Spectral Devices,
Boulder, CO) over the 400–2500 nm wavelength region at
1 nm intervals. We sampled in the fall to coincide with the
AVIRIS flight. The measurements were made on cloud-free
days between 11:00 and 13:00 to reduce atmospheric contam-
ination and minimize the effects of a change in solar zenith. The
spectrometer was positioned approximately 1 m from the sam-
ple surface at a 0° view zenith angle. With the 18° foreoptic on
the spectrometer, the diameter of the field of view at the sample
was 28 cm. The sunlight and view angles were chosen to
minimize shadowing and to emphasize the fundamental spectral
properties of the plant and other materials. We acquired 9–15
spectra of each sample by moving the sensor over the objects to
get the average spectra, for comparison with the spectra of the
AVIRIS pixels. We calibrated the spectrometer to surface re-
flectance prior to measurement of each material using a spec-
tralon panel (Kokaly et al., 2003). The spectra collected in the
field campaign include live canopy of each dominant species of
trees, shrubs and herbaceous, dead plant materials, charred
wood, bare soils and rocks. The original spectral records were
then summarized for each material to create standard spectral
curves, and were subsequently convolved to the 2002 AVIRIS
data set using the band centers and full-width-half-maxima
(FWHM) for that flight line (Fig. 2A, B).

2.4. AVIRIS data collection and pre-processing

High-altitude AVIRIS radiance data (Green et al., 1998) were
acquired with an ER-2 aircraft at an altitude of approximately
20 km by NASA's Jet Propulsion Laboratory (JPL) on October
15, 2002 beginning at 18:34 UTC (12:34MT) over the Colorado
Front Range, covering the central part of the Pike National
Forest. The AVIRIS mission transected a small piece of prairie
grassland landscape, with a wildland/urban interface, to the
ponderosa pine/Douglas-fir forest in the Front Range region,
crossing Douglas County, Jefferson County, Park County, and
Teller County of Colorado. The flight followed the Front Range
from north to south, providing approximate 10.5 km swath and
53 km length of flight lines in 224 spectral channels with a
nominal FWHM of 10 nm from 370 to 2510 nm. Five over-
lapping flightlines were collected. There were shadow effects
and patches of snow at the higher elevation line (r18), with slight
haze over its southwest portion, so we excluded this flightline
from our image analysis.

Vegetation types seen in the images were predominantly
ponderosa pine/Douglas-fir forest, juniper woodland and
grassland. Due to the frequent wildfire in the region, fire foot-
prints of different ages were included in the data collection area.
The flight included geomorphic features of mountain range,
basin, and low basin rim, rising from the Great Plains to the
Rocky Mountains.

The original JPL AVIRIS datasets, which contain four flight
lines at a pixel resolution of 14.6–17.0 m, were initially geo-
rectified with an onboard global positioning-inertial navigation
system (GPS-INS) by the data provider using JPL standard
techniques (Green et al., 1998). We registered the AVIRIS
scenes to an orthorectified airphoto mosaic, transformed them
using triangulation, resampled using nearest-neighbor resam-
pling, and then created a mosaic of four flightlines at a pixel
resolution of 15 m. We then atmospherically corrected the re-
sampled AVIRIS datasets, and converted the data to reflectance
using the High-Accuracy ATmospheric Correction for Hyper-
spectral Data (HATCH) algorithm (Goetz et al., 2003). In the
HATCH process, two water vapor bands, 0.86–1.05 and 1.05–
1.25 were used in calibration. Even after the calibration, there
were still atmospheric effects in a group of bands. We selected a
subset of 190 bands from the registered reflectance image to
remove bands with strong water absorption features in the
shortwave infrared (SWIR), bands with poor signal-to-noise
ratio in the blue end of the visible spectrum, and the SWIR
beyond 2450 nm wavelength.

2.5. Spectral mixture analysis and mapping

Many approaches have been devised to analyze the fractional
cover of PV, NPV, and bare soil, all applied mainly in arid and
semi-arid regions. The visible and infrared spectral regions
(400–1300 nm) used to detect green vegetation do not easily
separate the fractions of NPV and bare soil, but the short-wave
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infrared (SWIR) of the AVIRIS spectrum is promising in
isolating the unique spectral features of those surface materials
(Asner & Heidebrecht, 2003; Roberts et al., 1993, 1998). Based
on field spectroscopy and AVIRIS data, we undertook a spectral
mixture analysis (SMA) to decompose image pixels into sub-
pixel fractions of PV, NPV, and bare soil. SMA is a technique
based on modeling image spectra as the linear combination of
endmembers; SMA has been used to derive the fractional con-
tribution of endmember materials to image spectra in a wide
variety of applications (e.g., Asner et al., 1998; Kokaly et al.,
2003). This approach assumes that image pixels contain end-
member cover fractions that can be linearly summarized, where
the sub-pixel cover fractions of each mappable land-cover
endmember may be PV, NPV, or bare soil. Thus, SMA ‘un-
mixes’ the mixed pixel determining the fractions of each
spectral endmember that combine to produce the mixed pixel's
spectral signature. Assuming linear mixing, i.e., the spatial
fractions equal the spectral fractions, these fractions are consi-
dered to be the areal fractions. Because there are a number of
endmember combinations that can produce a particular spectral
signal, a wide range of numerically acceptable unmixing results
for any image pixel are possible (Asner et al., 1998). SMA
techniques that use endmember reflectance ‘‘bundles’’ account
for this natural variability (Bateson et al., 2000).

We used the AVIRIS mosaic apparent reflectance data to
analyze the spectral mixtures of PV, NPV, and bare soil, using
ENVI 4.1 (Research System Inc., Boulder, CO, USA) based on
the methods and procedures described by Roberts et al. (1993,
1998) and Asner and Heidebrecht (2003). The selection of a
reflectance endmember bundle (Bateson et al., 2000) for spec-
tral mixture analysis is critical, and often difficult for accurately
estimating sub-pixel fractions. These endmembers are usually
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Fig. 3. Images of fractional cover of each forest component in the upper South Platte
A) PV; B) NPV; C) bare soil. The polygons represent US Forest Service treatment ar
Russell Ridge pre-treatment, e — Russell Ridge Treated, f — Nighthawk, g — Nod
Creek Fire, and the Hi Meadow Fire are clearly seen on the images.
either from image spectra or from a spectral library built from
field measurements. In dense and undisturbed forest areas,
image spectra are more representative of pure PV than the field
spectra measured at the branch level, which usually do not fit
the spectral properties of the entire canopy well. Therefore, we
used our field spectra from 14 plot samples of dense green
vegetation located on a relatively flat surface (to eliminate
shadow) as training areas to generate image spectra of the PV
endmember. We used the average field spectra of senescent
vegetation and bare soil collected in the areas to represent
spectra of NPV and bare soil respectively. We chose to use the
field spectra because pure pixels of NPV and soil are rarely
available in images of forest areas, and field spectra of NPVand
soil are highly scalable (Bateson et al., 2000; Roberts et al.,
1998). Using the reference spectra of the three components, we
analyzed the spectral mixtures and generated fraction images of
PV, NPV, and bare soil by modeling each pixel as a combination
of three endmember bundles (Bateson et al., 2000). Within the
linear spectral mixture analysis procedure, we created one
fraction map for each endmember bundle. The fraction maps
assign a value for each pixel indicating what percentage of the
pixel can be modeled by that endmember bundle. For example,
the NPV fraction maps have high values for those areas covered
predominantly by NPV, whereas the same pixels would have
low values on the green vegetation fraction map. Finally, the
unmixing procedure identified the subpixel abundance of PV,
NPV, or soil in each pixel in the study areas.

We calculated the coefficients of determination to examine
the correlation between the hyperspectral estimates of forest
component fractions and field measured fractional cover. Field
data came from the transect sampling within the image cove-
rage, and the AVIRIS estimates of PV, NPV, and bare soil were
C

(Grey scale). Darker colors represent lower fraction, and values range from 0–1.
eas, they are: a — Dell Gulch, b — Kelsey Gulch, c— Bennett Mountain, d—
dle Head, h — Bear Mountain. The extension of the Hayman Fire, the Buffalo
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derived from 9-pixel blocks centered at corresponding field
sites. The correlation was applied to all three types of fractional
cover.

These analyses provided us maps of abundance of each
fractional cover type with confidence from field validation. We
spatially summarized the fractional cover of forest components
over US Forest Service fuel treatment areas and recently burned
areas located within the image and compared the ratio of these
components among the areas using the ArcGIS spatial analysis
module (ESRI, Redland, CA, USA).

3. Results and discussion

3.1. Validation of AVIRIS derived maps of fractional cover

Subpixel level fractional cover estimates of PV, NPV, and
bare soil were derived from high altitude AVIRIS reflectance
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recently burned areas and near residential areas (Fig. 4C). Sub-
pixel NPV fractions from the AVIRIS derived image were
validated by field NPV measurements, with a significant re-
lationship that explained less of the variation than PV and bare
soil fractions (Fig. 4B; r2 =0.40, pb0.05).

There are several factors that may have contributed to the
low correlations between AVIRIS-derived NPV and the field
estimates. First, dead branches and partially scorched tree
crowns that were recorded as NPV in the field were apparently
not fully detectable by the AVIRIS sensor. The method used to
estimate PVand NPV in the field is likely to underestimate NPV
and overestimate PV, since it assigns entire live crown area to
PV (even though some of this crown comprises non-pho-
tosynthetic branches and twigs). Second, some transects were
sampled in earlier stages of the growing season and therefore
grasses were recorded as PV, whereas they were identified on
AVIRIS data as NPV. Third, as NPV is a complex bundle of
non-photosynthetic canopy, dead wood, dry grasses, and litter;
it was more challenging to select representative endmember
bundles for NPV than other types. Therefore, further tests on
both field fractional cover measurements and endmember
selection in the SMA process will likely improve hyperspectral
estimate of the fraction.

Photogrammetric shade was treated as an endmember in
some SMA cases, especially in multiple endmember spectral
mixture analysis (MESMA), in PV–NPV–shade or vegetation–
soil–shade models (Roberts et al., 1998). We used a three
endmember PV–NPV–soil model and excluded shade for sev-
eral reasons. First, SMA has been successful with up to three
endmember models so far. Running a four-endmember model
was expected to result in unacceptable fraction errors (Asner et
al., 1998; Roberts et al., 1993). In assessing fire risks, a PV–
NPV–soil is more appropriate than any three endmember model
with shade. Second, photogrammetric shade was reduced after
topographic correction by JPL (Green et al., 1998) and we had
excluded the flightline (r18) with most shade in our analysis.
Finally, our validation results suggested that shade was unlikely
a major source of error in our case.

Though AVIRIS imagery has promise for discriminating
various materials in the canopy layer and within gaps in rela-
tively sparse forests, the sensor, as with any passive sensors,
cannot penetrate through tree crowns and detect spectral sig-
natures directly under tree canopy. Therefore, the denser the
forest is, the more the understory signatures are missed by
AVIRIS, and the lower likely accuracy (Fig. 4). When we
examine the validation samples, we find that those sites that
have a low fraction of PV and a high fraction of soil have the
highest agreement between AVIRIS and field data, even for
NPV, while most of deviations were related to areas with a large
PV fraction and small soil fraction. During our sampling, most
of the understory vegetation was senescent, and therefore, did
not have much contribution to PV, such that AVIRIS-sensed PV
was similar to field estimates. In summary, given appropriate
timing of study, AVIRIS is capable of isolating the PV fraction
in coniferous forests with a deciduous understory, but has
limitation with NPV. Further tests may involve combining
AVIRIS and active sensor such as Lidar (Lefsky et al., 2002).
3.2. Spatial patterns of PV, NPV, and soil fractions

Throughout the South Platte study area, PV fractions were
dominant (48.7%), followed by NPV (28.8%) and soil (22.5%).
Fractional cover estimates of PV, NPV, and bare soil derived
from AVIRIS reflectance measurements varied substantially
across the study region (Fig. 3.). There were high fractions of
PV on north facing slopes and in old growth forest areas as
spatially analyzed against a digital elevation model. For exam-
ple, in the Nighthawk area (see Fig. 3.) PV covered 62.7% of the
north slopes, while the cover dropped to 49.4% on south slopes.
This is a common feature of montane Rocky Mountain forests,
occurring because of the reduced direct sunlight, lower soil
temperatures, lower evaporation, and thus higher soil moisture
conditions of north-facing slopes. Bare soil fractions were high
in low elevations, on south slopes, and in recently burned areas,
particularly those around Cheesman Lake; these patterns likely
also occur due to soil moisture. In the late growing season
AVIRIS image, most of grasses were senesced, and thus NPV
dominated most openings where grasses prevailed (e.g., the
elongated Buffalo Creek burn).

PV signatures mainly reflect conifer canopies and some
evergreen shrubs under sparse canopy. PV fractions were lower
in the pine/grassland ecotone in the northeast and southwest
corners compared to forest areas in most of the image (Fig. 3A).
Meanwhile, low PV fractions were also found in burned areas of
the Hayman and Schoonover Fires, the Buffalo Creek Fire, and
the Hi Meadow Fire. Another apparently low PVarea was found
just east of the Noddle Head and Bear Mountain treatment
areas, where insect infestation had caused about 50% mortality
of Douglas-fir. The fraction of PV is normally close to live
canopy cover in vegetation that has a simple vertical structure,
such as grassland and desert shrub (Asner & Heidebrecht,
2003). However, in multi-layer forest sites, the PV fraction
reflects live tree canopy and understory live shrubs, seedlings,
and live grasses. We found that the PV fraction was on average
11.7% higher than canopy cover in the woodland sites with 40%
or less canopy cover, presumably contributed by understory
vegetation. PV fractions in shrublands and grassland/meadow
sites varied from 16.7–47.5%, showing the proportion of shrub
and grass foliage still active in mid-October in these openings.

There was 0–12% of bare soil detected in dense forest with
over 60% canopy cover, but there was no significant trend of
increasing fraction of bare soil with decreasing canopy cover in
woodland and openings. Therefore, fraction of bare soil is more
likely a function of ecosystem disturbances and secondary
succession than forest structure itself under similar climatic
conditions.

NPV signatures reflect dead wood, litter, and senescent
grasses and deciduous shrubs. These include volatile surface
fuels and are thus extremely important for remotely sensed fire
risk assessment when combined with live vegetation. The areas
with high NPV fractions included forests that had been recently
burned at low to medium severity, and forests after insect
infestation. Fire has a mixed effect on NPV fractions: it turns
live tree crowns (including those lethally scorched but not
burned) into NPV, offsetting the consumption of litter and
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woody debris (NPV), and it exposes bare soil. In addition, areas
with recent mechanical thinning (mastication or partial biomass
removal) showed a high fraction of NPV, likely because of a
larger amount of woody debris and senescent grasses on the
ground surface, and a reduced number of seedlings and shrubs
because of the treatment. Dense grassland and shrubland also
showed high NPV, again due to the season of the AVIRIS
overflight.

Although the fractional cover values derived from the
AVIRIS image and field survey fit well in most cases, there
were noticeably greater errors in areas of high PVand low NPV/
soil. The AVIRIS spectral mixture algorithm appeared to under-
stimate the fractional cover of PV at very high values. Two
reasons may have led to this. First, branches and twigs of live
tree crowns exposed to AVIRIS sensor were measured as PV in
the field, but are spectrally more like NPV. Second, understory
live shrubs and herbaceous were counted as PV in the field but
may have been overlaid with tree crowns, and therefore can't be
detected by AVIRIS sensor. Nevertheless, as AVIRIS cannot
penetrate through forest canopy, it tends to ignore understory
materials in dense forests. NPV was generally underestimated
by SMA (Fig. 4B); this was especially true with high NPV
fractions (i.e., over 30%). Our results demonstrate the limitation
of AVIRIS in detecting surface materials that are important for
fire behavior. Finally, soil tended to be overestimated by SMA
at very low fractions (i.e., less than 10%) but generally fitted
well with field measurements.

3.3. Effect of disturbances on fractional covers

There were regional trends and major differences among
experimental areas in the fractional cover of forest components
(Fig. 3). First, there was a high fraction of PV east of Hayman
burned area and low fraction of PV in burned areas. Second, in
the Hayman fire area, PV fractions tended to decline with
increase in burn severity, while bare soil tended to increase with
burn severity. We summarized the fractional covers against a
Landsat derived map of Hayman fire burn severity provided by
Burned Area Emergency Stabilization and Rehabilitation
(BAER) (BAER Report, Hayman Fire, 2002, http://www.fs.
fed.us/r2/psicc/hayres/), resulting in 37.8%, 42.2%, and 56.9%
of bare soil fractions, 25.5%, 31.6%, and 28.9% of NPV, and
36.7%, 26.2%, and 13.2% of PVover areas with low, moderate,
and high burn severity respectively. Interestingly, the highest
NPV fractions (31.6%) appeared in the areas with moderate
burn severity, probably reflecting the large number of standing
dead and downed trees, including trees with scorched foliage
(Omi & Martinson, 2002) and less consumption of litter and
duff. In the Hi Meadow burned area (2000 fire, see Fig. 3), PV
cover was the lowest (29.9%) among the nine areas studied,
while bare soil cover was the highest (37.8%). This indicates the
effect of severe wildfire on reducing ground vegetation cover;
because of the reduced ground cover, it also indicates a high risk
of soil erosion for at least two years following fire (Pierce et al.,
2004). Third, there were apparent differences in all three
fractions between recent USFS fuel treatment areas and
untreated areas.
As part of the national fuel reduction plan, mechanical thin-
ning, which mainly targets small diameter trees, was conducted
in early 2002 in a 70-acre area (Russell Ridge Treated, Fig. 3).
The effects of the treatment, thoughmodest, were clearly seen on
fraction images, with an 11.7% decrease in PV, a 7.2% inzcrease
in NPV, and a 4.5% increase in bare soil compared with nearby
untreated forests (Russell Ridge) (Fig. 5). The results of the fuel
treatment identified from the AVIRIS data were similar to what
we expected: the decrease of PV fraction reflected thinned can-
opy without small diameter trees, while increases of NPV and
soil likely occurred because downed wood remained on the
ground and new gaps were created by the thinning. This de-
monstrates that image spectroscopy can be used to assess and
compare fuel types and fire risks following different fuel treat-
ment scenarios.

Generally, large fractions of NPV favor rapid fire spread and
crowning, while bare soil retards fire spread inmost cases. The role
of PV in fire risk is more complex. Dense forest with a large
amount of fuels below the canopy (“ladder fuels”, reaching from
ground to canopy) reflect a high fire risk, however, forestswith low
PV fraction are normally drier and contain more 1- and 10-h fuels
(Brown et al., 1982) that make wildfire easy to start. The in-
crease in NPV fraction due to various disturbances may cause a
higher risk of surface fire. Our study demonstrated that the
fractional cover of PV, NPV, and bare soil are extremely spa-
tially heterogeneous in both burned and unburned forests, and
that these fractions are remotely measurable. Discrimination of
PV, NPV, and bare soil fractions provide important inputs for
fire risk analysis, but additional information such as surface
fuel loading, species composition, and amounts of ladder fuel
are needed to achieve the most effective fuel modeling.

4. Conclusions

Our study demonstrated that spectral mixture analysis of
AVIRIS imagery provides estimates of photosynthetic vegeta-
tion, non-photosynthetic vegetation, and soil that are highly

http://www.fs.fed.us/r2/psicc/hayres/
http://www.fs.fed.us/r2/psicc/hayres/
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correlated with field transect measurements of green vegetation,
dead plant materials, and soil fractions. AVIRIS derived frac-
tional land cover can thus serve as a useful indicator of forest
fuel condition. Meanwhile, as NPV is a complex bundle of non-
photosynthetic canopy, dead wood, dry grasses, and litter,
further tests on both field fractional cover measurements and
endmember selection in SMA process is needed to improve
hyperspectral estimates for this fraction.

Our study also demonstrated that the fractional cover of PV,
NPV, and bare soil are extremely spatially heterogeneous in
both burned and unburned forests of the Colorado Front Range.
The AVIRIS derived maps indicate that recent mechanical
thinning generally leads to a decrease of PV and increases in
NPV and soil. Fire has a complex impact on the fractions: it
reduces PV and creates new bare ground (soil), while light to
moderate burns are related to a higher fraction of NPV.

Maps derived from hyperspectral images permit the
evaluation of fuel treatment efforts by managers, an otherwise
extremely labor intensive process. One of the most interesting
and poorly understood aspects of wildfires is the ratio of live
and dead vegetation remaining following a fire. Our study
provided an opportunity to improve this understanding. With
accurate estimates of the spatial distribution of each fuel com-
ponent, our results could greatly improve regional land cover
estimates, fire behavior predictions, and carbon assessment
efforts. Meanwhile, a more effective fire risk assessment could
be achieved by assessing and adjusting current fuel treatments
with the information provided here. Hyperspectral remote sen-
sing may be a viable approach to estimate forest fuel condition
at the regional level in coniferous forests across western US,
given an increasing availability of airborne (e.g., CASI,
HyMap) and spaceborne (e.g., Hyperion) instruments for re-
search and management.
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