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Remote sensing technology is a tool for detecting invasive species affecting forest,
rangeland, and pasture environments. This article provides a review of the technol-
ogy, and algorithms used to process remotely sensed data when detecting weeds and
a working example of the detection of spotted knapweed and babysbreath with a
hyperspectral sensor. Spotted knapweed and babysbreath frequently invade semiarid
rangeland and irrigated pastures of the western United States. Ground surveys to
identify the extent of invasive species infestations should be more efficient with the
use of classified images from remotely sensed data because dispersal of an invasive
plant may have occurred before the discovery or treatment of an infestation. Remote
sensing data were classified to determine if infestations of spotted knapweed and
babysbreath were detectable in Swan Valley near Idaho Falls, ID. Hyperspectral im-
ages at 2-m spatial resolution and 400- to 953-nm spectral resolution with 12-nm
increments were used to identify locations of spotted knapweed and babysbreath.
Images were classified using the spectral angle mapper (SAM) algorithm at 1, 2, 3,
4, 5, and 10° angles. Ground validation of the classified images established that 57%
of known spotted knapweed infestations and 97% of known babysbreath infestations
were identified through the use of hyperspectral imagery and the SAM algorithm.
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Early detection of invasive plants when their spatial extent
is small reduces the cost of control and increases the possi-
bility of successful eradication (Rejmanek and Pitcairn
2002). Classifying images from remotely sensed data en-
hances detection of infestations. Detection abilities have im-
proved because sensor technology and classification tech-
niques have become more sophisticated.

Remote sensing technology has been used to detect many
different invading species found in forest, rangeland, and
pasture environments. This article provides a comprehensive
review of the technology and algorithms used to process data
for remote sensing weeds in pasture and range and a work-
ing example of the detection of spotted knapweed (Centau-
rea maculosa Lam. Syn. C. biebersteinii DC. or C. stoebe L.
subsp. microanthos (Gugler) Hayek) and babysbreath (Gyp-
sophila paniculata L.).

Technology

Early work on detection of weeds in rangeland and pas-
tures with aerial photographs was generally limited to small
areas because of the high cost of near-infrared image acqui-
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sitions and photo interpretation (Arnold et al. 1985). Aerial
photographs work best for weed detection when plants have
unique growth patterns different from surrounding vegeta-
tion (Everitt et al. 1996). Aerial photographs were found to
be useful to detect saltcedar (Zamarix ramosissima Ledeb.)
(Everitt et al. 1996), leafy spurge (Euphorbia esula L.) (An-
derson et al. 1996), and Brazilian pepper (Schinus terebin-
thifolius Raddi) (Bellmund and Kitchens 1997; Pearlstine et
al. 1998). Aerial photography has not been widely used for
weed detection in rangeland and pastures because of the
absence of quantitative data, high cost of color-infrared film
and processing, variable interpretation, and the requirement
for manual scanning or digitizing to use information in a
geographic information system (GIS) (Arnold et al. 1985).
Recent technological advances in digital aerial photography
have improved the spatial resolution, and the color images
are being used again for weed detection in limited areas.
Cameras are small and light enough to attach to various
aircraft, e.g., kites (Haefner 2004), balloons (Lindholm
2004), and ultralite or unmanned aircraft (RotoKraft 2004).
Complications from image rectification and coregistration
with ground coordinates continues to limit the use to the



more expensive systems that integrate pitch, roll, and yaw
measurements with global positioning system (GPS) data to
determine location when imaging large areas.

Multispectral remote sensing improves on aerial photog-
raphy by recording the intensity of reflected light at several
different spectral wavelengths in the electromagnetic spec-
trum. In 1972, the first satellite to offer continuous coverage
of the earth surface with multispectral data was the National
Aeronautics and Space Administration (NASA) Landsat
multispectral scanner system (MSS). MSS image data pro-
vided green (500 to 600 nm), red (600 to 700 and 700 to
800 nm), and near-infrared (800 to 1,100 nm) reflectance
data. The spatial resolution was about 80 by 80 m with an
18-d revisit cycle. MSS data was inexpensive (then about
$2,000 per 185- by 170-km image scene, and historic data
can be now purchased at about $200':2); however, the low
spatial resolution prohibited most weed detection. Several
researchers found that vegetation could be grouped into dif-
ferent habitat classes, including weeds (Prather et al. 1994;
Ringrose and Matheson 1987). MSS data collection stopped
in 1992 but continues to be useful in predicting where spe-
cific weeds may be found or likely to spread on the basis of
the vegetation type and changes in vegetation.

Landsat Thematic Mapper (TM) was introduced in 1982
and provided seven spectral bands (blue to infrared) includ-
ing a thermal band. The spatial resolution was 30 by 30 m
in the visible and near infrared bands (bands 1 to 5 and 7)
but the thermal band (band 6) had a spatial resolution of
120 by 120 m. A TM data scene was about the same size
as an MSS scene, and the associated costs were about $4,000
per scene in the late 1990s (currently one TM scene costs
approximately $425).3 The higher spatial and spectral res-
olution allowed the detection of weeds forming large dense
patches about 0.5 ha in size (Anderson et al. 1992, 1993;
Everitt and Deloach 1990; Everitt et al. 1992; USGS 2003).
Enhanced Thematic Mapper Plus (ETM+) replaced TM as
part of Landsat 7. ETM+ had the same spectral bands as
Landsat TM, but the thermal band has 60-m spatial reso-
lution and the new panchromatic band is 15 m. A scan line
corrector failure occurred in May 2003, and since then
ETM+ has been impaired. Data are still available, and the
pricing has been reduced from $600 to $250% per scene
because of data gaps from the failure.

In 2000, NASA launched an additional satellite, the
Earth Observing-1 (EO-1) satellite. The EO-1 satellite has
three sensors on board and two pertain to weed detection:
Advanced Land Imager (ALI) with 10 bands including a
panchromatic band with 10-m spatial resolution and a ther-
mal band with 30-m spatial resolution, and Hyperion, a
220-band hyperspectral sensor (357 to 2,576 nm in 10-nm
bandwidth increments) with 30-m spatial resolution. The
scene width for the ALI is 37 km and for the Hyperion it
is 7.7 km. The standard scene length is 42 km and is tar-
geted to user-specified areas. The cost per scene is about
$1,500 for requesting a site and $250 for archive data.> ALI
and Hyperion data have been used to detect leafy spurge
(Root 2002).

Other satellite platforms also have been used to detect
weeds in terrestrial environments. The Advanced Very High
Resolution Radiometer (AVHRR)® instrument (commonly
called the weather satellite) has a 1,100-m spatial resolution
at nadir (straight down). These images are ideal for weed

species forming large dense patches and have been used to
detect broom snakeweed [ Gutierrezia sarothrae (Pursh) Britt
& Rusby] (Peters et al. 1992). AVHRR data are obtained
continuously with both morning and afternoon collections
and are available at no cost to the public (htep://
edc.usgs.gov/products/satellite/avhrr.html).

The French satellite system SPOT,” with 20-m multi-
spectral data (green from 500 to 590 nm, red from 600 to
680 nm, and near-infrared from 790 to 890 nm), recently
improved its spatial resolution to 5 m color data and 2.5 m
panchromatic (510 to 700 nm). New, high spatial resolution
data are available from commercial satellites such as Quick-
bird and Ikonos. Quickbird’s multispectral bands have 2.4-
m spatial resolution, whereas the panchromatic band has
0.6-m spatial resolution. Quickbird records blue reflectance
from 450 to 520 nm, green from 500 to 520 nm, red from
630 to 690 nm, and near infrared from 760 to 900 nm.
The instrument recorded a panchromatic band that ranges
from 450 to 900 nm. The spatial resolution for Ikonos is 4
m multispectral and 1 m panchromatic. The spectral bands
on lkonos range from 450 to 520 nm for blue, 510 to 600
nm for green, 630 to 700 nm for red, and 760 to 850 nm
for near infrared. The Ikonos panchromatic band ranges
from 450 to 900 nm. The spatial resolution may be im-
proved using the panchromatic band to sharpen the imagery
to about 1 m. The costs of Ikonos and Quickbird data are
about $20,000 for a 20- by 40-km image area for four bands
plus panchromatic, but archive data (older than 6 mo) may
be purchased for about $8,000.8

Higher spatial resolution than what are available with cur-
rent satellite systems is often required to detect weed infes-
tations. Older satellite systems with 20-, 30-, and 80-m spa-
tial resolution imagery could not detect small infestations or
weeds mixed with other vegetation. The satellite data were
often not available during peak bloom or other detectable
phenological stages. Commercial remote sensing companies
using digital video and still cameras with spectral filters have
found a marketing niche when satellite data are not available
or useful for detecting weeds in rangeland and forest. Mul-
tispectral airborne imaging systems provide spatial resolution
ranging from 0.25 to 4 m depending on the height of the
instrument and contain three to eight cameras. Each camera
has the capability to record light in 10- to 70-nm band-
widths ranging from 400 to 1,200 nm. Commercial provid-
ers have a standard set of filters, but users may select op-
tional filters when required. A complex of four or eight dig-
ital cameras with different filters allow multispectral data to
be collected (Anderson and Yang 1996; Everitt et al. 1986,
1987; King 1995; Louis et al. 1995; Manzer and Cooper
1982; Sun et al. 1997). Many government agencies (United
States Department of Agriculture—Agricultural Research
Service, United States Forest Service, and United States Bu-
reau of Land Management) and universities (University of
Minnesota, Simon Fraser University, University of Idaho,
Mississippi State University, Purdue, Utah State University,
and many more) own this type of sensor system. Positive
Systems Inc. and Red Hen Systems Inc. were early com-
mercial developers of video multispectral systems that were
used to map weeds in rangeland, pastures, and forest. Costs
for image acquisition from commercial companies range
from $17,000 to $35,000 for a 20- by 40-km image area
for a 1-m spatial resolution data set with four spectral
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bands.” Airborne multispectral digital imaging systems are
commonly used to map woody and herbaceous weeds on
rangelands and forest (Carson et al. 1995; Everitt and Nixon
1985; Everitt et al. 1991, 1992; Lass and Callithan 1997;
Lass et al. 1996).

Reducing the spatial resolution to 0.5 or 1 m does not
always ensure that weed infestations in rangeland, pasture,
or forest environments will be detectable. Weeds may have
similar spectral reflectance to other vegetation or may be
mixed in other vegetation (Shafii et al. 2004). Hyperspectral
sensors are imaging spectrometers that sample the reflected
solar region of the electromagnetic spectrum in narrow, con-
tinuous increments. The continuous increments allow for
blue, green, red, and near-infrared spectra to be recorded
instead of a single value. One hyperspectral sensor is the
NASA Jet Propulsion Laboratory Airborne Visible/Infrared
Imaging Spectrometer (AVIRIS).!® The AVIRIS sensor is a
224-band system measuring light between 400 and 2,500
nm with 10-nm increments. The spatial resolution for high-
altitude AVIRIS is 20 by 20 m with a swath width of 11
km when mounted in a NASA ER-2 (modified U2) aircraft,
and low-altitude AVIRIS is 4 by 4 m with a swath width
of 4 km when mounted in a Twin Otter aircraft. Several
invasive weed species have been detected with the AVIRIS
sensor (DiPietro 2002; Parker-Williams and Hunt 2002,
2004; Underwood et al. 2003; Ustin et al. 2002). The high
demand for hyperspectral data for mineral and oil explora-
tion needs have allowed commercial companies to enter this
market. Two pioneering hyperspectral companies are Earth
Search Sciences (ESSI) and Innovation Technology Research
Excellence Service (ITRES). The Probe hyperspectral sensors
of ESSI have 128 bands with a spectral resolution between
450 and 2,500 nm ranging from 12- to 16-nm bandwidth.
The spatial resolution can be 3 to 4 m depending on the
height of the aircraft. The CASI system of ITRES has a
spectral resolution between 400 to 1,000 nm and the band-
width is 12 nm. The spatial resolution ranges from 0.5 to
10 m depending on the height of the aircraft. The CASI
system is fully programmable to record only the desired
spectral bands. New upgrades to the CASI system have in-
creased the spectral range to 2,500 nm and added thermal
detection (8,000 to 12,000 nm). The typical cost for hy-
perspectral data from a commercial company varies between
$60,000 and $100,000 for a 20- by 40-km area and 2- to
3-m spatial resolution.!! This amount may be as low as
$6,000 for a 20- by 2-km area with 3-m spatial resolution
when obtained for research mode with multiple researchers
sharing the mobilization costs. Several other companies have
started to market hyperspectral sensors, so data acquisition
costs are expected to decrease. Hyperspectral sensors have
been used to detect Brazilian pepper (Lass and Prather
2004), spotted knapweed (Lass et al. 2002), yellow starthis-
tle (Centaurea solstitialis 1..) (Lass and Thill 2000), and
aquatic vegetation (Bostater et al. 2004).

New hybrid multispectral-hyperspectral sensors offer the
best of both airborne sensors. Flight Landata Inc.'? has a
dual-use system with both hyperspectral and multispectral
airborne data acquisition capabilities. The High Definition
Hyperspectral Imaging System is a hyperspectral and mul-
tispectral image data acquisition system using a light aircraft
platform. The system integrates a hyperspectral imager
(HSI)-multispectral imager (MSI), an inertial navigation
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system (INS), and a data acquisition computer. The HSI is
a grating imaging spectrometer using a 1.6 cm charged-cou-
pled device (CCD) digital camera that has a 16-mm focal
length lens. The sensor splits the visible and infrared light
spectrum (445 to 900 nm) into 240 bands with a spectral
resolution better than 2.5 nm. The MSI has four megapixel
CCD cameras with interchangeable filters that acquire data
in four bands at user-selected wavelengths. The MSI foot-
print is a 1,280 X 1,030 CCD array of progressively
scanned images formatted with eight-bit quantization (im-
age data compression algorithm). Currently, four 10-nm
bandwidth interference filters with center pass wavelengths
of 450, 550, 650, and 800 nm are mounted on the 16-mm
focal length lenses. The INS integrates two positioning com-
ponents: a differential GPS to locate the plane and three
precision gyroscopes that comprise the inertial measurement
unit to track plane tilt (pitch, roll, and yaw). Images are
acquired and georeferenced without the need of ground con-
trol point acquisition. These hybrid sensors are currently
being tested for detection of invasive weeds, and preliminary
results appear to be promising.

Processing Algorithms

The complex nature and the amount of digital data col-
lected with modern sensors requires the use of computer
software!3 and algorithms to group pixels into classes before
observing on the screen (Campbell 2002). Image classifica-
tion falls into two general methods referred to as supervised
and unsupervised. In supervised classification, known spec-
tral reflectance values either derived from known locations
on the image or handheld spectrometers are used to identify
other pixels having the same reflection. In unsupervised clas-
sification, the computer groups all reflections having the
same pattern, and the groups are identified from known
weed infestations on the ground (Campbell 2002).

Algorithms used for supervised classifications are either
distance based (hard classifiers) or unmixing based (soft clas-
sifiers) (Campbell 2002). Hard classifiers use the distance
from a known reflectance value to determine if the value
matches an unknown pixel. Spectral angle mapper (SAM)
(Kruse 1993), maximum likelihood (MLH), and minimum
distance to mean (MDM) algorithms are often used as a
“first look” tool to identify whether the weed is present or
absent (Campbell 2002). SAM, MLH, and MDM assume
that the reference values (training data) are pure and rep-
resent 100% cover of the feature (plant population) (Camp-
bell 2002; Carson et al. 1995; Lass et al. 2002).

SAM quantifies the classification separability based on the
angle between two vectors that point to the center of the
known target reflectance value and the pixel value (Kruse et
al. 1993). A narrow angle will produce classified images with
the highest likelihood of matching a pure population. In-
creasing the classification angle will increase the number of
pixels being classified, whereas decreasing the classification
angle reduces the number of pixels classified. As the angle
widens, the classification includes deviations from the pure
reflectance that contain a mix of the target and spectral
background. The widening angle also includes features that
may have similar reflectance to the target weed, increasing
the commission error (identified on the image but not on
the ground). The SAM algorithm is insensitive to changes



in brightness because the vector angle is used and not the
vector length (Campbell 2002; Kruse et al. 1993).

The MLH and MDM algorithms use the mean reflec-
tance of each band to define the spectral reflectance pattern
for a species (Campbell 2002). Unknown pixels of the image
are assigned to the class with the closest matching value.
The maximum distance from the mean threshold may be
set to reduce the overcommitment classification error. MLH
and MDM are sensitive to changes in brightness, and images
within the study site should be concatenated together before
classification (Carson et al. 1995).

The SAM and MDM classifications result in images dis-
playing the best match to known spectra for each pixel.
Overlaying classified images with widening angles or dis-
tance thresholds produces maps describing a range of detec-
tion likelihoods from high to low as the pure reflectance
value is diluted with mixed vegetation (Lass and Prather
2004).

Soft classification algorithms such as linear spectral un-
mixing (LSU), mixture-tuned matched filtering (MTMEF),
and Bayesian Probability have been used to detect leafy
spurge (Parker-Williams and Hunt 2002, 2004) and yellow
starthistle (Shafii et al. 2004). To work propetly, soft clas-
sification algorithms need to have a spectral reflectance pat-
tern for all existing vegetation features and weed groups.
Spectral reflectance patterns from the known weed locations
on the images or handheld spectrometer readings are used
for classifying each pixel. The output is not a single classified
vegetation map but a set of images (one per vegetation fea-
ture) that expresses, for each pixel, an estimate of occurrence
in each class. These algorithms are valuable tools for mon-
itoring changes in established weed populations due to en-
vironmental conditions and control activities.

The LSU algorithm assumes that a pixel value is a linear
combination of all spectral components present in the pixel
and that all features on the image are represented in the
pixel in some proportion (Campbell 2002). For example, a
pixel containing only a single weed should have the same
value as reflected in a weed patch with 100% cover. If the
weed cover is only 50% and the remaining is grass, then the
pixel value should be the mean of the reflectance values for
the weed and grass. The LSU algorithm is most effective
when there are a few distinct cover types. LSU may not be
practical for most weed detection projects because the re-
flectance patterns for all the cover types are seldom mea-
sured. In these cases, MTMF may be used as an alternative.
MTMEF is a “partial” unmixing algorithm (Boardman et al.
1995) that produces two images representing percent target
abundance and a measure of feasibility without prior knowl-
edge of the spectral characteristics of background features
(e.g., under story vegetation and soil). It has been effective
in reducing classification error when detecting leafy spurge
(Parker-Williams and Hunt 2002, 2004).

The Bayesian probability algorithm estimates the proba-
bility that a pixel value belongs to the weed class or other
feature classes based on prior knowledge of the statistical
distribution of the feature (Shafii et al. 2004). Prior knowl-
edge may include knowledge of the spatial distribution. The
prior knowledge is used to estimate the probability that the
unknown pixel has membership in a feature class. A Bayes-
ian probability algorithm can reduce classification error.

Algorithms used for unsupervised classifications are either

frequency based or artificial signature based. Frequency-
based algorithms use a histogram peak technique to define
classification groups (Richards 1986). A classification group
is a peak where the frequency is higher than all of its neigh-
bors. Once the group is defined, pixels are assigned to the
nearest peak based on the number of desired classes defined
by the user. Once the image has been grouped into classes,
the known locations in the field are used to identify each
class. This method of classification has successfully classified
multispectral images where weed cover is more than 50%
(Carson et al. 1995; Lass et al. 1996).

Artificial signature development algorithms use posteriori
least square orthogonal subspace (PLOS) projections to de-
velop spectral reflectance files for the image or selected sites
within the image (Chang 1999; Chang and Ren 2000;
Chang et al. 1998; Ren and Chang 1998). The LSU logic
of PLOS algorithm selects the maximum spectral values for
the image across all bands based on the sum of squares to
calculate the first spectral reflectance curve. The next spec-
tral reflectance curve is identified by finding those values
dissimilar to the first set of values for all bands. The algo-
rithm repeats this process until the user-defined number of
spectral reflectance curves has been developed (Settle and
Drake 1993; Shimabukuro and Smith 1991; Sohn and Mc-
Coy 1997). Images are then classified with a hard classifying
algorithm (Lass and Prather 2004). Artificial signature de-
velopment algorithms are ideal for calculating spectral sig-
natures when spectral reflectance files collected from a hand-
held spectrometer and image data does not work because of
mixed vegetation on the ground (Lass and Prather 2004).

There are several other algorithms commonly used to help
detect weeds in rangeland and pastures. The use of vegeta-
tion and stress indices offers the opportunity to identify lo-
cations where weeds can expand or become established.
These indices ratio red and near-infrared or red and mid-
infrared bands to estimate the percent green vegetation cover
or healthy vegetation (Anderson et al. 1993; O’Neill 1996).
Vegetation indices are very useful for detecting invasive
plants when the weed senesces before native vegetation. The
normalized difference vegetation index is the most recog-
nized vegetation index and has been successfully used to
predict potential distribution of Dyers woad (Isatis tinctoria
L.) (Dewey and Price 1991) and detect downy brome (Bro-
mus tectorum L.) in rangeland (USGS 2003).

A Case Study: Detecting Spotted Knapweed
and Babysbreath with Hyperspectral Data

The review of the literature only lays the foundation to
allow research to build on. We offer this working example
as advancement in hyperspectral remote sensing research.
Spotted knapweed is widely distributed in Idaho, and ba-
bysbreath is found in a few locations in Idaho. In the west-
ern United States, both species have been observed to invade
sagebrush (Arzemisia spp.) communities (Roche and Talbott
Roche 1994). Babysbreath thrives in moisture levels from
25 to 100 cm annually and prefers sandy soil (Darant 1975;
Darant and Coupland 1966). In general, spotted knapweed
plants prefer moister conditions than babysbreath does. Al-
though babysbreath is on many invasive species lists, and
California and Washington’s noxious weed list, it is aggres-
sively harvested by the cut flower industry. The wild babys-
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breath plants are prized for their short stems and multiple
branches (Schlosser et al. 1991).

Image acquisition timing is critical to species-level dis-
crimination. Detection of spotted knapweed and babys-
breath requires associated annual grasses and their under-
story vegetation to be fully matured and bleached yellow or
a distinctly different color (Lass et al. 2002). In this study,
babysbreath was imaged before flowering, but the flower
stalks were present and plants had reached their maximum
size. A babysbreath plant has multiple branched stems grow-
ing to 1 m height that form a bunch about as wide as it is
tall. The detection of spotted knapweed is dependent on
some residual stems being present from previous year’s
growth, and background vegetation is not dominating the
reflectance (Lass et al. 2002).

A previous study showed that spotted knapweed infesta-
tions dominating a landscape are detectable with hyperspec-
tral sensors (Lass et al. 2002). The previous study used two
locations where the populations had been present for more
than 30 yr and filled most of the suitable habitats. The
previous study used a “whiskbroom style” imaging spec-
trometer that sampled the reflected solar region of the elec-
tromagnetic spectrum ranging from 440 to 2,543 nm with
12- to 16-nm bandwidths and a spatial resolution of 5 m.
Results demonstrated that spotted knapweed was detectable
using a SAM classification when cover densities were greater
than 70% and populations were larger than 0.1 ha.

The objectives of this study were (1) to determine if a
“CCD push-broom style” (415 and 953 nm with 11- to
12-nm [* 6-nm] bandwidth) could detect spotted knap-
weed and babysbreath and (2) to determine if sparse patches
(10 to 20% weed cover) of spotted knapweed and babys-
breath were detectable.

Materials and Methods

This study used hyperspectral images of the Swan Valley
in Idaho acquired on July 27, 2002, and July 7, 2003. Spot-
ted knapweed and babysbreath start to flower from mid to
late July in the Swan Valley. For both weeds, images col-
lected in 2002 were during flower production, but images
collected in 2003 were before flowering. The bounding co-
ordinates for the 2002 flight area were latitude 43°22"12.5"
and 43°29'21.1"N and longitude 111°15'42.9"” and
111°20'08.8"W. The bounding coordinates for the 2003
flight area were latitude 43°22"12.5" and 43°29'21.1"N and
longitude 111°15'42.8" and 111°20'10.0"W. Overlap be-
tween 2002 and 2003 images was sufficient to allow all
babysbreath validation sites to be used in both years. Images
collected in 2002 showed 22 spotted knapweed validation
sites and 2003 images showed all 28 spotted knapweed val-
idation sites. Not all other vegetation sites could be used in
the first year.

The instrument used was a CCD sensor collecting data
along the flight line.!* Spectral reflectance was measured
between 415 and 953 nm with 12-nm increments to make
a 48-band data set. The spatial resolution was 2 m. The
data provider rectified the images to ground coordinates. In
2002, the data provider atmospherically corrected the im-
ages and the images were ready to classify. In 2003, the data
were acquired without atmospheric correction and required
atmospheric correction (Chavez 1996; Forster 1984) before
classification.
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Spectral reflectance curves were developed from image-
based spectral files using sites on the ground with 70 to
100% spotted knapweed or babysbreath cover and 0 to 30%
mature downy brome grass cover (Lass et al. 2002). Selec-
tion of pixels to be used within the sites was based on the
darkness of the pixel when band 10 (573 nm) was displayed
on the monitor (darker pixels were assumed to be pure weed
cover because the background vegetation was mature annual
brome). The spectral training development site for spotted
knapweed contained 23 to 38 pixels at three locations, and
babysbreath had 20 pixels at two locations. Spectral reflec-
tance curves developed from the 2002 images were used to
classify both the 2002 and 2003 data. Images were classified
using the SAM algorithm in Idrisi'® (Kruse et al. 1993).
SAM angles selected for testing were based on estimated
overall image classification error when compared with
ground truth data. The classification angles used were 1, 2,
3, 4, 5, and 10°.

Validation data were collected outside the spectral reflec-
tance development sites. GPS receivers with Wide Area Aug-
mentation System (WAAS) were used to record 28 polygons
containing spotted knapweed, 4 polygons with both spotted
knapweed and babysbreath, and 11 polygons containing ba-
bysbreath. GPS accuracy was between 1 and 2 m based on
comparing recorded positions of weed and other features
with a U.S. Geological Survey Digital Orthophoto Quarter
Quad image. These polygons represented 84,734 pixels with
spotted knapweed and 71,986 pixels of babysbreath, respec-
tively. Spotted knapweed cover at most sites was 20 to 60%
but ranged from 1 to 100% (only 7 of the 32 polygons had
greater than 50% spotted knapweed cover). The babysbreath
cover in the verification sites ranged from 30 to 100%. Oth-
er vegetation features included 23,093 pixels in alfalfa (Med-
icago sativa L.), 78,570 pixels in aspen (Populus tremuloides
Michx.), 2,067 pixels in Canada thistle [ Cirsium arvense (L.)
Scop.]/grasslands, 18,503 pixels in grassland, 4,038 pixels of
leafy spurge, 22,995 pixels of juniper (Juniperus spp. L.)/
pine (Pinus ponderosa P. & C. Lawson)/sagebrush (Artemisia
L.)/shrub/grass, 13,054 pixels of annual grass, and 3,923
pixels of wheatgrass [Agropyron cristatum (L.) Gaetn.]. Lo-
cations of the verification sites were delimited as vector data
and converted to raster images with the same spatial reso-
lution as the classified images to allow cross tabulation with
the image data in an error matrix for both the 2002 and
2003 classification assessment.

Mixed reflectance values within a pixel from associated
vegetation produced high omissional errors when classified
with narrow spectral angles. Classification of hyperspectral
data typically uses an unmixing algorithm like LSU or
MTMEF to estimate the relative fraction of each element to
solve the high omissional error problem from 1 to 2° clas-
sification angles (Parker-Williams and Hunt 2002).

A spatial technique was used to reduce detection errors.
The seed morphology for spotted knapweed and babys-
breath suggests that most seeds are scattered within a few
meters of the parent plant (Roche and Talbott Roche 1994).
Pixels classified using SAM with a narrow spectral angle
were buffered to 500 m (Lass and Prather 2004), and then
a second SAM classification with a wider angle was per-
formed. Pixels classified within the original 500-m buffer
were considered to have a higher probability of containing
spotted knapweed or babysbreath than those outside the



Ficure 1. Hyperspectral images showing spotted knapweed in red and babysbreath in green.

buffer. The 500-m buffer area was selected on the basis of
a previous study (Lass et al. 2002) and because it is easily
searchable by ground crews. The buffered images were then
used to isolate pixels in the image classified with low om-
issional error and high commissional error (Lass and Prather
2004).

An error matrix was created to determine image classifi-
cation accuracy of both the 2002 and 2003 images by con-
trasting the classified image with ground validation data
(Card 1982; Congalton 1991; Congalton et al. 1983; Good-
child and Gopal 1989). Omissional (present on the ground
but not on the image) and commissional error (present on
the image but not on the ground) rates were calculated from
the differences between ground truth and classified images
in the matrix (Congalton et al. 1983; Lass and Prather 2004;
Lass et al. 2000, 2002). Errors in delineating sparse infes-
tations and positional errors for small infestations made as-
sessing individual pixel classification accuracies impossible.
Errors of omission were estimated by counting the number
of validation sites positioned and recorded as polygon data
with the GPS being detected by the classified images. Errors
of commission were estimated by counting the number of
false-positive spotted knapweed and babysbreath on the im-
ages when compared with validation data and calculating
commissional error based on an error matrix for the non-
weed classes.

Results and Discussion

Spotted knapweed and babysbreath infestations were de-
tectable in both the 2002 and 2003 hyperspectral images.
Figure 1a shows a spotted knapweed infestation in red from
the 2003 images when classified with a 2° angle. Figure 1b
shows a babysbreath infestation in green and spotted knap-
weed infestation in red from the 2003 images when classi-
fied with a 2° angle.

The 2003 classified images detected spotted knapweed at
21 of 28 sites containing 10 to 100% cover spotted knap-
weed on the ground when the classification angle was set to
5° (Table 1). Sites where spotted knapweed infestations were
on the ground, but not classified in the images, were typi-
cally located in irrigated pastures or near canals with higher

moisture. The processed imagery also showed spotted knap-
weed in 9 of 15 babysbreath verification sites with cover
ranging from 20 to 100% when the classification angle was
set to 5°. Images incorrectly identified 3 of 32 sites of spot-
ted knapweed—free sites as spotted knapweed on the ground
when the classification angle was 3° or wider. Two of these
false detections were alfalfa—grass fields used for hay and one
site was grassland infested with leafy spurge. The images did
not show other alfalfa—grass hayfields or leafy spurge—infest-
ed sites as infested with spotted knapweed.

Images classified for spotted knapweed detected 15 of 22
validation sites in 2002 at 5° (Table 1). Five of the seven
sites on the images not indicating spotted knapweed were
in irrigated pastures or in moist areas adjacent to a canal
and grazed. One undetected spotted knapweed site had less
than 25% weed cover, although other sites with similar weed
cover were detected. The size of this verification site was
three pixels, and some image georectification error may have
contributed to the misclassification. The lack of detection
of the known spotted knapweed within the babysbreath
population may have been due to environmental conditions
of the later flight date in 2002.

Overall average spotted knapweed site detection rates for
the 2 yr was 67% for cover classes ranging from 1 to 100%
when classified with SAM using a 5° angle (Table 2). Irri-
gated pastures had high errors of omission, and if properly
classified, the overall spotted knapweed detection rate would
have been 86% of the validation sites on the ground. SAM
classification did not define the extent of invasion in a site
because of low uneven knapweed cover found within a weed
patch in dry growing conditions. The previous study de-
tecting spotted knapweed was located in an area where
plants were robust, moisture was adequate and the plants
were not grazed (Lass et al. 2002). Significant results of this
study show that spotted knapweed infestations are detectable
in semiarid rangelands with a hyperspectral sensor measur-
ing light in the visible and near-infrared range.

The 2003 images classified for babysbreath showed 14 of
15 verification sites located on the ground when a 3° clas-
sification angle was used. The one site not represented on
the babysbreath images was a small strip of babysbreath (30
to 60% cover) about 6 by 12 m in size with 20% sagebrush
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TasLe 2. Omissional and commissional error rates when classifying spotted knapweed and babysbreath cover using six classification angles.

Classification angle used with spectral angle mapper algorithm

1 2 3 4 5 10
%

Commissional error

Spotted knapweed 0.0 = 0.02 2.8 =21 .8*+59 85 * 5.0 8.1 £ 4.8 7.8+ 4.6

Other 62.1 9.6 54.8 = 10.7 55.8 = 11.1 52.1 = 11.4 50.7 = 11.5 492 £ 11.6
Omissional error

Spotted knapweed 79.0 = 10.1 57.5 = 10.9 53.8 = 10.9 46.2 = 10.5 43.7 = 10.3 41.2 = 10.1

Other 0.0 = 0.0 2.6 2.0 10.6 £ 6.3 10.5 = 6.2 10.5 = 6.2 10.5 = 6.2
Overall error 53.3 = 8.9 39.5 + 8.4 39.8 = 8.4 34.7 + 8.0 33.0 £ 7.8 313 £ 7.7
Commissional error

Babysbreath 15.0 = 9.5 33.3 £ 12.7 39.1 £ 12.7 39.5 = 12.5 40.8 = 13.0 43.1 £ 12.6

Other 12.9 = 5.2 49 29 27 19 1.3 £ 1.0 1.4 + 1.3 1.4 + 1.1
Omissional error

Babysbreath 433 + 16.0 13.3 = 7.9 6 * 4.6 33+ 26 3.3 =33 33+ 26

Other 33 + 2.1 143 = 5.7 19.8 = 6.9 209 = 7.1 21.9 = 7.2 24.1 = 7.6
Overall error 13.2 £ 4.9 14.0 = 5.0 16,5 £ 5.5 16.5 = 5.5 17.4 £ 5.8 19.0 * 6.0

2 Bayesian 95% lower and upper probability bounds.

cover. Plants at this site appeared to be slightly smaller that
other babysbreath plants in the area. Other babysbreath sites
with sagebrush were classified correctly. The 2003 images
misclassified four validation sites as babysbreath when a 2°-
classification angle was used out of 62 verification sites.
Three of these sites contained meadow brome (Bromus er-
ectus L.) and spotted knapweed, whereas one of the sites just
had meadow brome. This would suggest some overlay of
spectral reflectance values for spotted knapweed and mead-
ow brome. Increasing the classification angle to 3° increased
the number of false detections to eight.

The 2002 image classified for babysbreath showed that
all validation sites having babysbreath were detected by the
hyperspectral data when a 4°-classification angle was used.
One site was not detected at 2- and 3°-classification angles,
and the 1°-classification angle identified 11 of the 15 vali-
dations sites (Table 1). The 1°-classification angle overcom-
mitted and found 3 of 29 sites indicating the false presence
of babysbreath on the ground. These misclassified sites were
a grass pasture infested with spotted knapweed, grass area
infested with Canada thistle, and an alfalfa grass hayfield.
The misclassification probably was a result of hay harvest
and possible uneven regrowth, but this speculation is based
on visual observation made in 2003.

The 2-yr site detection rate for babysbreath was 83.5%
(overall accuracy) for cover classes ranging from 30 to 100%
when classified with SAM using a 4° angle (Table 2). The
stems arranged in a small tight bunch made babysbreath
easy to detect with high-resolution hyperspectral data when
compared with the scattered plants found when many spe-
cies invade a site.

Early detection of invasive species maximizes the potential
for long-term control and minimizes the impact to the en-
vironment. In our study, spotted knapweed and babysbreath
were detected with hyperspectral data, although the extent
of the infestation within a population was not delineated.
Ground survey crews will need to define the extent of the
population; however, the results of this study indicate that
SAM-processed hyperspectral imagery can provide guidance
to field crews on where to start their surveys.

Detection of many weeds invading rangeland, pastures,
and forest with remote sensing is possible with current tech-
nology, but applications are often repeated demonstrations
on the same species and the same or different locations.
How many times do we need to image an invasive weed in
a demonstration area before the weed has spread to become
a countywide or statewide project? Improved automated pre-
processing of the images is necessary for this technology to
expand market share against traditional survey techniques.
Images need to be classification ready with accurate atmo-
spheric and radiometric correction and rectified to ground
coordinates. Most land managers will not tolerate positional
error when the GPS and GIS data do not match the weed
location from the remote sensing image. Integrating remote
sensing data into a GIS for postprocessing and ultimate
transfer of the data to handheld computers allows field crews
to use the data to focus and monitor treatments. Trained
personnel will be required to use, update, and maintain data.
Students in geographic science need a better understanding
of weed science much like students in weed science need a
better understanding of geographic science. The technology
of remote sensing of invasive weeds in rangelands, pastures,
and forests has moved forward, and the challenge is making
the data usable to locate weeds on the ground in an oper-
ational context.

Sources of Materials

I'NASA Landsat MSS, U.S. Geological Survey, EROS Data
Center, 47914 252nd Street, Sioux Falls, SD 57198 (multispectral
satellite images).

2 Prices for raw data included for informational purposes; actual
cost may be more for value-added processing to rectify images to
ground coordinates and correct for sensor and atmospheric atten-
uations.

3 NASA Thematic Mapper TM, U.S. Geological Survey, EROS
Data Center, 47914 252nd Street, Sioux Falls, SD 57198 (multi-
spectral satellite images).

4NASA Enhanced Thematic Mapper ETM+ U.S. Geological
Survey, EROS Data Center, 47914 252nd Street, Sioux Falls, SD
57198 (multispectral satellite images).
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5> NASA Earth Observing Satellite EO-1, U.S. Geological Survey,
EROS Data Center, 47914 252nd Street, Sioux Falls, SD 57198
(multispectral and hyperspectral satellite images).

¢ NASA Advanced Very High Resolution Radiometer AVHRR,
U.S. Geological Survey, EROS Data Center, 47914 252nd Street,
Sioux Falls, SD 57198 (free multispectral satellite images).

7 Spot Image Corp., 14595 Avion Parkway, Suite 500, Chantilly,
VA 20151 (high spatial resolution multispectral satellite images).

8 Tkonos data, Space Imaging Inc., 12076 Grant Street, Thorn-
ton, CO 80241, and Quickbird, Digital Globe, 1601 Dry Creek
Drive, Suite 260, Longmont, CO 80503. Cost ofimage acquisition
based on phone quote made in August 2004 (high spatial resolu-
tion multispectral satellite images).

9 Positive Systems Inc., 713 East 13th Street, Whitefish, MT
59937, and Red Hen Systems Inc., 2850 McClelland, Suite 3900,
Fort Collins, CO 80525 (digital video and multispectral cameras).

10 Airborne Visible/Infrared Imaging Spectrometer (AVIRIS), Jet
Propulsion Laboratory, M/S 171-B1, 4800 Oak Grove Dr., Pasa-
dena, CA 91109 (high spatial resolution hyperspectral images).

I Earth Search Sciences (ESSI), 1729 Montana Highway 35,
Kalispell, MT 59901, and Innovation Technology Research Excel-
lence Service (ITRES) 400 Inverness Drive South, Suite 330, En-
glewood, CO 80112 (high spatial resolution hyperspectral images).

12 Flight Landata Inc., One Parker Street, Lawrence, MA 01843
(high spatial resolution hyperspectral sensors).

13 A partial list of software for image processing includes ERDAS
from Leica Geosystems GIS and Mapping LLC, ERDAS, 2801
Buford Highway, N.E. Atlanta, GA 30329; Hypercube, U.S. Army
Corps of Engineers, Topographic Engineering Center, 7701 Tele-
graph Road, Alexandria, VA 22315; Idrisi Kilimanjaro from Clark
University, 950 Main Street, Worcester, MA 01610; ENVI from
Research System Inc., 4990 Pearl East Circle, Boulder, CO 80301;
a good online tutorial is the NASA Tutorial, NASA/Goddard Space
Flight Center, Code 420, Greenbelt, MD 20771.

14 The hyperspectral sensor was a CASI 2005 built and owned
by ITRES, Inc., 400 Inverness Drive South, Suite 330, Englewood,
CO 80112-5830 and subcontracted through Aquilavision, 1121
East Broadway, Suite 105, Missoula, MT 59802.

15 Idrisi Kilimanjaro v14.2 Clark Labs, Clark University, 950
Main Street, Worcester, MA 01610.
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