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Abstract:
Invasive nonindigenous plants are threatening the biological integrity of North American rangelands, as
well as the economies that are supported by those ecosystems. To reduce the rapid spread of invasive
plants, management strategies should focus on early detection, prevention, and eradication. Spatial
information is critical to fulfilling invasive plant management strategies. Traditional invasive plant
mapping has utilized ground-based hand or GPS mapping. The shortfalls of ground-based methods
include the limited spatial extent covered and the associated time and cost. Mapping vegetation with
remote sensing covers large spatial areas and maps can be updated at an interval determined by
management needs.

The objectives of the study were to classify (1) 4-band multispectral (1 m resolution) and 128-band
hyperspectral (5 m and 3 m resolution) imagery for Euphorbia esula and Centaurea maculosa, (2) to
assess the accuracy of the classifications, and (3) to compare accuracy assessments for multispectral
and hyperspectral classifications using Kappa analysis.

Ground reference samples were collected to extract image statistics for classification algorithms and to
perform accuracy assessments. A maximum likelihood (ML) classification algorithm was applied to the
multispectral imagery. Spectral angle mapper (SAM) and classification and regression tree (CART)
analysis were applied to the hyperspectral imagery. Confusion matrices for each classification were
generated and summary measures were calculated.

Color balancing was applied to the multispectral imagery and compared to non-color balanced imagery
to test the effect on classification accuracy. There were no significant differences between Khat
statistics for color balanced multispectral imagery and noncolor balanced multispectral imagery for
both target species.

Summary measures (overall, user’s, and producer’s accuracies, and Khat statistic) were higher for the
hyperspectral CART classification than for the multispectral ML classification for both target species.
Khat statistics for the hyperspectral CART and SAM classifications were not significantly different for
E. esula, however for C. maculosa the CART algorithm showed significant improvement over SAM.
User’s accuracies for the hyperspectral CART classifications for both target species were within
moderate ground-based mapping accuracy levels. Such remote mapping methodologies have shown
utility for estimating distribution of these invasive plants over large areas. 
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ABSTRACT

Invasive nonindigenous plants are threatening the biological integrity of North 
American rangelands, as well as the economies that are supported by those ecosystems. 
To reduce the rapid spread of invasive plants, management strategies should focus on 
early detection, prevention, and eradication. Spatial information is critical to fulfilling 
invasive plant management strategies. Traditional invasive plant mapping has utilized 
ground-based hand or GPS mapping. The shortfalls of ground-based methods include the 
limited spatial extent covered and the associated time and cost. Mapping vegetation with 
remote sensing covers large spatial areas and maps can be updated at an interval 
determined by management needs.

The objectives of the study were to classify (I) 4-band multispectral (I m resolution) 
and 128-band hyperspectral (5 m and 3 m resolution) imagery for Euphorbia esula and 
Centaurea maculosa, (2) to assess the accuracy of the classifications, and (3) to compare 
accuracy assessments for multispectral and hyperspectral classifications using Kappa 
analysis.

Ground reference samples were collected to extract image statistics for classification 
algorithms and to perform accuracy assessments. A maximum likelihood (ML) 
classification algorithm was applied to the multispectral imagery. Spectral angle mapper 
(SAM) and classification and regression tree (CART) analysis were applied to the 
hyperspectral imagery. Confusion matrices for each classification were generated and 
summary measures were calculated.

Color balancing was applied to the multispectral imagery and compared to non-color 
balanced imagery to test the effect on classification accuracy. There were no significant 
differences between Khat statistics for color balanced multispectral imagery and non­
color balanced multispectral imagery for both target species.

Summary measures (overall, user’s, and producer’s accuracies, and Khat statistic) 
were higher for the hyperspectral CART classification than for the multispectral ML 
classification for both target species. Khat statistics for the hyperspectral CART and 
SAM classifications were not significantly different for E. esula, however for C. 
maculosa the CART algorithm showed significant improvement over SAM. User’s 
accuracies for the hyperspectral CART classifications for both target species were within 
moderate ground-based mapping accuracy levels. Such remote mapping methodologies 
have shown utility for estimating distribution of these invasive plants over large areas.
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CHAPTER I 

INTRODUCTION

Invasive Plant Management: Mapping Strategies

Invasive non-indigenous plants are negatively impacting the biology and ecology of 

North American rangelands (Sheley et al. 1996, Vitousek et al. 1996), as well as the 

economies that are supported by those rangeland ecosystems (Bangsund et al. 1993, 

Bangsund et al. 1999). Invasive plant management plans designed to detect, prevent 

dispersal of, and eradicate invasive species provide an organized and strategic approach 

to minimizing ecologic and economic impacts of noxious weed infestations (Johnson 

1999). To design and implement effective invasive plant management plans, accurate 

and updated location information about weed distributions is essential (Anderson et al. 

1996). One important strategy of successful weed management is detecting small weed 

infestations before they grow too large to control feasibly (Moody and Mack 1988, 

Zamora and Thill 1999). In addition, repeated monitoring and mapping of areas in which 

distributions have changed can guide managers in assessing the effectiveness of weed 

prevention and control measures (Cooksey and Sheley 1998b). Mapping methods that 

utilize the resolution required to identify small, localized populations of invasive weeds, 

yet are efficient and practical enough to repeat on short temporal scales and apply to 

landscape scales will promote effective management of invasive plants in rangeland 

ecosystems (Johnson 1999). Throughout this study, the use of “landscape scale” refers to
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large geographical areas that have a common land management goal, for example county 

weed management areas, or state/federal wildlife reserves, grazing allotments, and wild 

and scenic river corridors.

Ground-Based Mapping

Invasive plant management plans have traditionally utilized maps created by field 

survey to delineate plant infestations onto paper maps or more recently by using global 

positioning system (GPS) technology to create a digital geographic database (Cooksey 

and Sheley 1997). Field mapping is most often performed on the ground and, at greater 

monetary expense, can be achieved through aerial (fixed wing or helicopter) survey. 

Systematic, intensive ground-based mapping over large spatial extents however, is 

hindered by financial and logistical constraints because of the limited spatial extent that 

can be feasibly covered by ground-based mapping. The Montana Noxious Weed Survey 

and Mapping System developed standardized guidelines and methods for inventorying 

and mapping invasive plants, as well as levels of accuracy for hand and GPS mapping 

(Cooksey and Sheley 1998a). Level I accuracy, defined as having attribute accuracy of 

80 -  100% and horizontal accuracy of 0 -  20 m (Cooksey and Sheley 1998a), was 

estimated to cost between $ 3 - 5  per acre (Mullin 2000). The costs of collecting high 

accuracy data might impede follow-up mapping. To our knowledge, an appropriate 

interval for updating invasive plant maps has not been described, and update frequency 

might be most appropriately defined by specific invasive plant or site management 

objectives. Invasive plant maps should be updated on time scales that allow managers to
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monitor and assess effectiveness of management plans based on the dynamic nature of 

weed populations and the landscapes they invade:

Remote Mapping

Mapping vegetation from airborne or satellite platforms can encompass large 

geographical extents (Iolca and Koda 1986, Treitz et al. 1992, Ustin et al. 1996, Lauver 

1997, Roberts et al. 1998), and if operationally efficient methods for weed mapping are 

developed and proven, then remote sensing might have the potential to be more time and 

cost efficient than ground mapping. The savings in time and cost on the ground could 

allow managers to invest in repeated inventory and mapping, thus updating their weed 

distribution maps as needed. For example, in Theodore Roosevelt National Park 

(TRNP), maps derived from aerial photography were used to develop a park-wide 

comprehensive leafy spurge management plan (Anderson et al. 1996). The impact of 

management was assessed several years later when TRNP was mapped again using the 

Airborne Visible Infrared Imaging Spectrometer. Managers at TRNP used the updated 

maps to assess the impact of biocontrol and other management tools (Root et al. 2001). 

Most managers, however, have not used digital remote sensing to assist in developing 

and implementing invasive plant management plans because of coarse resolution imagery 

and high costs (Johnson 1999). In addition, until the 1990s remotely sensed map 

accuracies were rarely quantified (Congalton 1991), and so fitness for a particular 

management goal could not be assessed.
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Over the past decade, detecting and mapping invasive plant populations using remote 

sensing has received more attention from a research and development perspective in 

government and academia (Peters et al. 1992, Everitt et al. 1995b, Lass and Callihan 

1997, Root et al. 2001). Commercial sensors have been developed with increased spatial 

and spectral resolution compared to traditional sensors such as the National Aeronautics 

and Space Administration’s Landsat sensors, the National Oceanic and Atmospheric 

Administration’s Advanced Very High Resolution Radiometer, and conventional film- 

based cameras used in aerial photography (Coulter et al. 2000, Lefsky et al. 2001). If 

practical, efficient, and inexpensive techniques for mapping weeds can be developed, 

these higher resolution, commercially available sensors might provide the accuracy and 

cost-competitiveness to enable landscape-scale weed mapping. ,

Objectives

The overall objective of this study was to map Euphorbia esula L. (leafy spurge) and 

Centaurea maculosa Lam. (spotted knapweed) by classifying two commercially available 

types of airborne digital imagery and quantifying and comparing the resulting map 

accuracies. In the interest of employing methods that were operationally practical and 

user-oriented, I used classification algorithms embedded in commercially available image 

processing and statistical software.

I provide a review of research and literature pertinent to remote sensing as a tool for ' 

mapping vegetation, with particular focus on invasive plant species, in Chapter 2. In 

Chapter 3, which is written for publication, I present methods used to process and classify
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the imagery and compare accuracy assessments for the resulting invasive plant maps. 

The accuracy assessments presented in Chapter 3 are twofold: one method is based on 

hard interpretation of polygon membership; the other is based on interpretation of 

polygon membership with incremental percentage thresholds. In addition, multispectral 

and hyperspectral imagery are compared in Chapter 3. Chapter 4 was written as a 

technical paper to be presented at a professional conference. In Chapter 4 ,1 test methods 

for correcting illumination variations inherent to airborne imagery and compare the 

' results of color balancing to no color balancing on classification accuracy. I summarize 

the effectiveness of the methodology with respect to ground-based mapping and 

implications of remote mapping for invasive plant management in Chapter 5.
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C H A PTER 2

LITERATURE REVIEW

Introduction

Monitoring vegetation distribution, composition, and function is a primary goal of 

applied ecology (Sheley et al. 1996, O’Neill et al. 1997, Gould 2000). Such goals will 

become more important as scientists continue to address the impacts to plant 

communities from global and regional climate change, changes in land use practices, and 

invasion of nonindigenous plant species. The need for spanning wide spatial and 

temporal scales is integral to understanding the full impact of dynamic ecological 

processes because disturbances are often unconstrained by environmental boundaries or 

gradients and affect both global and local systems (Graetz 1989, Caldow and Racey 

2000). Further, landscape scale studies of vegetation dynamics provide information to 

support resource management and conservation decision-making processes (Tueller 

1989, Lauver 1997, Wessman et al. 1997, Coulter et al. 2000, Price et al. 2001). Remote 

sensing has developed into a powerful tool for measuring and monitoring vegetation 

characteristics over large areas (O’Neill et al. 1997) and with high temporal resolution 

(Hobbs 1989).

Land cover mapping has long been a use of remote sensing (Anderson et al. 1976), 

and correlations between reflectance and green biomass have been used to map 

vegetation communities at global scales (Tucker et al. 1985). Extracting specific
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information about vegetation composition or type remotely has not met with the same 

success (Graetz 1989), and research into improving remote mapping at the species level 

is continually advancing (Lees and Ritman 1991, Ustin et al. 1996, Lewis 1998, Martin et 

al. 1998, Roberts et al. 1998). The purpose of this chapter is to discuss issues related to 

mapping vegetation remotely including plant reflectance characteristics, bidirectional 

reflectance, resolution, classification algorithms, and accuracy assessment.

Reflectance Characteristics of Vegetation

While remote identification and mapping of minerals has been relatively successful 

(Kruse 1988, Kruse et al. 1999), vegetation offers a greater challenge because of the 

similar composition of photosynthesizing plants and complex interactions at the plant 

surface (Cochrane 2000). In general, most green plants absorb and reflect light in a 

similar manner because they are composed of the same chemical constituents including 

chlorophylls, carotenoids and other pigments, cellulose, and lignin (Knipling 1970). ^  

Studies of leaf reflectance in the 1960s have characterized well the interaction of 

vegetation with light (Gates et al. 1965, Knipling 1970). Pigments, including  ̂

chlorophyll, absorb visible light (Gates et al. 1965, Knipling 1970, Woolley 1971, f 

Gausman 1977). The amount of water contained in plant tissue affects reflectance at all + 

wavelengths. Water infiltrating the spaces between cell walls has a higher refractive 

index than air, causing greater absorption in both the visible and near-infrared range 

(Woolley 1971). Cellular architecture within the mesophyll of a leaf causes a sharp 

increase in reflectance in the near-infrared range (Gausman 1977). Early senescence



8

causes an increase in reflectance as more air cavities are created with shrinking and 

splitting cells; however, as cells deteriorate fully in late senescence reflectance decreases 

significantly (Knipling 1970).

Structure and morphology also determine how plants reflect light (Knipling 1970, 

Woolley 1971). Plants with pubescent leaves were found to have higher visible 

reflectance than glabrous-leaved plants, and discriminant analysis of field and spectral 

variables found that reflectance at 450, 650, and 850 nm combined with plant height 

explained the greatest variability in leaf pubescence (Everitt and Richerson 1987). 

Structural characteristics (height) of the grass species Spartinafoliosa Tiin. (California 

cordgrass) were estimated with airborne digital imagery in a restored salt marsh in San 

Diego County, California (Phinn et al. 1999). Unique coloration of vegetation, 

particularly when flowering, has also been used to discriminate between species using 

aerial photography and videography. Researchers detected and mapped Tamarix 

chinensis Lour, (tamarisk) from associated vegetation and soil after senescence when the 

plant exhibited a distinct orange-yellow color (Everitt and Deloach 1990, Everitt et al. 

1996). In addition, researchers found that Isocoma drummondii (T.&G.) Greene 

(Drummond goldenweed) differed significantly from associated vegetation during the 

bright golden flowering period and they used the high visible reflectance to classify aerial 

photographs for plant quantities (Everitt et al. 1992).

Although identifying vegetation to the taxonomic level has been called the “difficult 

third dimension” of remotely based vegetation studies (Graetz 1989), the importance of 

mapping species composition and diversity is expanding and methods for doing so are 

struggling to keep pace with the need (Lauver 1997, Gould 2000). While structure and
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morphology have provided unique traits that allow for remote identification, these same 

characteristics often enhance the variability with which vegetation reflects incoming solar 

radiance, making it difficult to spectrally separate plant species (Sandmeier et al. 1998).

Bidirectional Reflectance

Bidirectional reflectance of a scene results from the interaction of viewing (sensor) 

direction and illumination (sun) position (Norman et al. 1985, Lillesand and Kiefer 

2000). Bidirectional reflectance exhibits spatial dependence because sun-sensor 

geometry changes slightly with each ground cell imaged (Foody 1988). As a result, 

dissimilar spectral responses might be observed from the same cover type when viewed 

from an instrument with a wide field of view or between lines where the flight direction 

has changed.

Studies have shown that most surfaces reflect solar radiation anisotropically (Kreibel 

1978, Norman et al. 1985, Kimes et al. 1986, Deering et al. 1992). Vegetated surfaces 

complicate the effects of bidirectional reflectance because of associated biophysical 

variables including plant structure, density, leaf area index, and leaf geometry (Walthall 

1997). Other factors affecting bidirectional reflectance are atmospheric conditions, 

topography, scene background characteristics, and wavelength (Pons and Sole-Sugraines 

1994, Walthall 1997). The result of bidirectional reflectance is brightness variations 

within a scene that change spatially and with cover type, and that affect spectral 

information extraction (Kennedy et al. 1997).
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Because of the impact of bidirectional reflectance on quantitative analysis of remotely 

sensed data, many studies have focused on modeling the geometric parameters of sun and 

sensor view angles (Royer et al. 1985, Irons et al. 1986, Walthall 1997). Several studies 

emphasized that vegetation surface drives bidirectional reflectance due to complex 

shadowing and scattering effects, but found these parameters were difficult to model 

(Holben and Kimes 1986, Jackson et al. 1990, Mouginis-Mark et al. 1994, Qi et al. 1994, 

Schaaf and Strahler 1994). Three-dimensional and ray tracing models have been derived 

to model multilayered canopy reflectance (Kimes and Kirchner 1982, Myneni et al. 1992, 

North 1996); such models are computationally intensive, impractical for large datasets 

(satellite imagery), and beyond the scope of many applied remote sensing objectives 

(Dymond et al. 2001). Physically based models examine the mechanisms that influence 

reflectance at the surface of the plant including leaf orientation, shape, and layering, and 

shadowing and backscattering effects (Sandmeier et al. 1998, Dymond et al. 2001). 

Physical models can become overly complex and measurement intensive, hindering their 

use in practical applications (Walthall 1997, Dymond et al. 2001). Other physical models 

have been simplified by reducing the number of parameters (Dymond et al. 2001).

Empirical corrections, while they do not directly address the physical processes of 

reflectance at the plant surface, are straightforward, require simple measurements, and 

have modeled bidirectional reflectance with success (Royer et al. 1985, Walthall et al. 

1985, Ranson et al. 1991, Kennedy et al. 1997). Empirical models describe the geometry 

of the sun, target, and sensor, applying this analytical function to every pixel in the scene. 

An empirical model tested on hyperspectral imagery preserved between-band spectral' 

shape and provided qualitative visual improvement (Kennedy et al. 1997). Spectral band
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ratioing and vegetation indices such as the normalized difference vegetation index 

(NDVI) provide a very simple approach for moderating brightness variations across 

space that result from view angle effects (Royer et al. 1985, Huete et al. 1992). Band 

ratios do hot preserve the original spectral information. Larger bandwidth ratios do not 

reduce variation as well as shorter bandwidths (Royer et al. 1985, Cihlar et al. 1994).

Methods for modeling bidirectional reflectance range from measurement intensive 

and computationally complex derivations to simple band ratioing techniques. While a 

large number of bidirectional reflectance corrections have been described in the literature, 

no single function has proven universal. For many remote sensing applications, a balance 

must be struck between theoretical correction and operability.

Influence of Spatial and Spectral Resolution on Classification

Two important factors of remote sensing that impact feature discrimination are the 

spatial and spectral resolution of the sensor. Spectral classification approaches that 

enhance vegetation structural, morphological, and phenological characteristics such as 

canopy height, leaf area and geometry, surface construction, water content, pigmentation, 

flowering period or senescence, and interaction with shading and background 

reflectances will have the most success at species differentiation (Knipling 1970,

Woolley 1971).
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Spatial Resolution

In remote sensing, spatial resolution is the minimum unit on the ground that is 

represented by the resolution cell size of the imagery, and it is considered synonymous 

with scale (Woodcock and Strahler 1987). At the beginning of NASA’s Earth Resources 

Technology Satellites (ERTS) program in the 1970s, spatial resolution was limited to 

relatively coarse-resolution sensors such as the Landsat Multispectral Scanner (MSS) (80 

m) (Lillesand and Kiefer 2000). Later, the Advanced Very High Resolution Radiometer 

(AVHRR) (1.1 km) was launched by the National Oceanic and Atmospheric 

Administration (Lillesand and Kiefer 2000). Moderate spatial resolution sensors became 

available to the remote sensing community with the next generation of satellites such as 

Landsat Thematic Mapper (TM) (30 m) and the French Systeme Pour !’Observation de la 

Terre (SPOT) satellite (20 m). With the advent of moderate resolution satellites, it was 

assumed higher spatial resolution would enhance the ability to correctly classify land 

cover (Irons et al. 1985). Studies comparing the coarse spatial resolution of MSS 

imagery to the moderate resolution of TM imagery found varying results (Townshend 

1980). While greater spectral resolution and radiometric resolution increased 

classification accuracy, the effect of increased spatial resolution often counteracted the 

improvements and resulted in lower classification accuracies (Williams et al. 1984, Irons 

et al. 1985).

The effect of increased spatial resolution on classification is driven by the spatial 

structure of a scene, or the interaction of spatial resolution and scene complexity 

(Woodcock and Strahler 1987). Increasing the ground resolving power increases the
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variability of surface components captured within pixels (Townshend and Justice 1981). 

For example, the 80 m cell size of an urban area covers a diversity of scene components 

including interspersed man-made and green-space features. These features are integrated 

into one spectral response. Conversely, 30 m pixels representing this same area reflect 

more variability between scene components. A pixel-based classifier such as a maximum 

likelihood algorithm would accommodate such variability with uncertainty in assigning 

class membership and reduced classification accuracies (Irons et al. 1985, Lillesand and 

Kiefer 2000). Local variance is a function of the spatial resolution used to examine the 

particular environment and the information extracted is dependent on this interaction ' 

between resolution and spatial frequency of the environment (Woodcock and Strahler 

1987).

Another effect of increased spatial resolution is a reduced number of mixed pixels 

(Pitts and Badhwar 1980). Mixed pixels result when the resolution cell size is larger than 

the spectrally unique components of the landscape, and thus the spectral radiance from 

several components are integrated into one mixed signal. For pixel-based classifiers, 

there is no retrieval of individual components at the sub-pixel level. Pure pixels are less 

ambiguous than mixed or boundary pixels and therefore are more accurately classified 

(Irons et al. 1985). When only classifying pure pixels, one study found that accuracy 

decreased significantly from 80 m to 30 m resolution due to enhanced within-class 

variability (Irons et al. 1985). When analyzing pure and mixed pixel data, the decrease in 

mixed pixels because of the increased resolution counteracted the detrimental effect of 

pixel variability and there was no change in accuracies from 80 to 30 m (Irons et al.

1985). Ultimately, the effect of increased spatial resolution depends on the spatial
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structure of the landscape, the complexity of the classification scheme, and the objectives 

of the classification (Irons et al. 1985, Woodcock and Strahler 1987). High spatial 

resolution might not be necessary or preferable in order to map coarse land cover classes 

such as urban, forest, agriculture, and water. On the other hand, greater resolving power 

might enhance fine spatial scale information content.

Spectral Resolution

Spectral resolution refers to the number and relative width of bands in which reflected 

electromagnetic energy is measured. While remote imaging systems capture the 

landscape in a spatial X and Y dimension for each pixel, they also measure multiple Z 

dimensions consisting of slices of spectral bands that sample reflected and emitted light 

from an object in the visible through the thermal infrared portions of the spectrum. In 

effect, each wavelength of energy reflected or emitted is a possible dimension. 

Multispectral sensors such as Landsat TM are designed to sample discrete portions of the 

spectrum that have proven, applied value for features such as vegetation, soil moisture, or 

minerals, and several detectors sample reflected light in relatively coarse bandwidths 

(Lillesand and Kiefer 2000). Hyperspectral sensors sample reflected energy in many 

very narrow, contiguous bands and have much greater spectral dimensionality. Such 

dimensionality becomes important when comparing absorption features or when 

comparing features statistically. Earth surface features exhibit distinct reflectance 

patterns, but similar species, minerals, or soils are not always unique or separable (Price
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1994), as is often the case with vegetation. The subtleties of high resolution spectral 

behavior can be underrepresented or lost in broad bands (Lillesand and Kiefer 2000).

There is ongoing discussion within the remote sensing community that hyperspectral 

data results in more spectral information than necessary (Boardman and Green 2000), and 

because of the strong correlation between bands, the true dimensionality of the data is 

much less than the total number of spectral bands. Price (1997) found that of the 224 

spectral channels of the Advanced Visible Infrared Imaging Spectrometer (AVIRIS), 30- 

40 provided maximum information content of reflectance spectra. In practical 

applications, the true spectral and spatial functionality might best be measured by the 

ability of the sensor to meet the task objective. For example, one study compared 

AVIRIS hyperspectral imagery to SPOT multispectral imagery, both with a spatial 

resolution of 20 m (Ustin and Xiao 2001). Maps of boreal forest successional types 

revealed that the AVIRIS classification was nearly twice as accurate as the SPOT 

classification (Ustin and Xiao 2001). Another study of forests in Oregon found that 

multitemporal Landsat TM data outperformed AVIRIS and high spatial resolution 

imagery for identifying certain structural variables (Lefsky et al. 2001). The mapping 

objective and the targeted variables should drive the choice of remote sensing product 

(Lefsky et al. 2001). Continued research into the effects of high spatial and spectral 

resolution imagery for assisting with vegetation studies will promote understanding of the 

relationships between spatial and spectral resolution and ability to predict variables of

interest.
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Classification Algorithms

Image analysis and classification techniques are expanding as the interest in applying 

remote sensing imagery to investigate ecological relationships increases (Lees and 

Ritman 1991, Treitz et al. 1992, Hansen et al. 1996, Lewis 1998, Lawrence and Wright 

2001). Traditional multispectral classification techniques, such as the Gaussian 

maximum likelihood classifier, do not perform as efficiently on hyperspectral imagery 

(Lillesand and Kiefer 2000). We used two algorithms to classify Probe-1 hyperspectral 

imagery: Spectral Angle Mapper (SAM) and classification and regression tree (CART) 

analysis.

In a mapping study ,for E. esula, AVIRIS imagery transformed with simple vegetation 

indices and NDVI were compared to classifications by SAM and linear spectral unmixing 

(O’Neill et al. 2000). SAM applied to a minimum noise fraction transformed image (a 

transformation similar to principle components analysis and incorporated in commercial 

image processing software) produced the best results (O’Neill et al. 2000).

CART analysis has also shown promise with classifying multispectral and 

hyperspectral imagery (Hansen et al. 1996, Lawrence and Wright 2001, Lawrence and 

Labus In press). CART is useful with hyperspectral imagery because it can be used with 

non-normally distributed data (Hansen et al. 1996). CART identifies the explanatory 

variables that best explain the response variable thus reducing data dimensionality, and i t . 

exposes relationships between the explanatory and response variables (Hansen et al. 

1996). CART can also be applied to different data types and does not require expert 

knowledge (Lawrence and Wright 2001). CART performed better than a maximum
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likelihood classifier in separating woody from non-woody vegetation in global AVHRR 

imagery (Hansen et al. 1996). A comparison of CART and discriminant analysis for 

classifying stress stages of Pseudotsuga menziesii (Mirb.) (Douglas-fir) found that CART 

resulted in substantially higher accuracies (Lawrence and Labus In press). CART was 

able to select the bands that maximized spectral separability between healthy and stressed 

trees (Lawrence and Labus In press).

Mapping Plant Species with Remote Sensing

Expanding technologies of airborne and satellite imaging systems and computing 

capabilities have resulted in increasingly diverse methods for mapping plant species 

(Anderson et al. 1993, Phinn et al. 1999, Cochrane 2000, O’Neill et al. 2000). The 

Remote Sensing Unit of the United States Department of Agriculture’s Agricultural + 7 

Research Service (ARS) has devoted considerable time and effort to mapping invasive 

rangeland species using aerial photography, videography, and satellite imagery (Everitt 

and Escobar 1996). Aerial photography has a very high spatial resolution, but the 

spectral resolution is limited because of the lower dynamic range of film emulsion 

(Liliesand and Kiefer 2000). Regardless of the low spectral sensitivity, the ARS has + 

found aerial photography particularly suitable for mapping a wide variety of undesirable 

rangeland plants because of the high spatial and textural resolution (Everitt et al. 1995b, 

Everitt and Escobar 1996).

Videography has gained interest for mapping plant species because of its easy output 

into digital format and computerized classification, increased radiometric sensitivity to
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light than that of film, real-time data capture and analysis, and reduced cost (Everitt and 

Escobar 1992, Neale 1997). Conversely, video images have lower spatial resolution than 

air photos and cover less area per scene (Neale 1997). The ARS used videography to 

identify Opuntia lindheimeri Engelm. (pricklypear cactus) (Everitt et al. 1991), to map 

the regional distribution of the two woody species Acacia rigidula Benth. (blackbrush 

acacia) and Acaciafamesiana (L.) Willd. (huisache) in south Texas (Everitt et al. 1993b), 

to detect and map Astragalus mollissimus var. earlei (Rydb.) (Big Bend loco) and 

Astragalus wootonii Sheld. (Wooton loco) (Everitt et al. 1994), and to distinguish 

Euphorbia esula L. (leafy spurge) from other species (Everitt et al. 1995a). Multispectral 

videography has been used to classify wetland vegetation and calculate floodplain extent 

(Neale 1997). Part of a larger riparian restoration project, the vegetation maps were used 

to identify restoration zones and were valuable as a benchmark resource to monitor the 

ecological and geomorphic effects of management and restoration. None of the 

preceding literature, however, provided any form of accuracy assessment that compared 

airborne video imagery to ground reference. Without some form of accuracy assessment, 

the quality of a map and fitness for a particular application is uncertain (Janssen and van 

der Wel 1994, Stehman 1997).

Multispectral satellite imagery has been used to map general land cover extensively, 

however, the utility of satellite spectral data alone for identifying and mapping specific 

plants is arguable (Lees and Ritman 1991) because of the relatively coarse spatial 

resolution of the sensors and the variability of vegetative spectral responses (Price 1994, 

Cochrane 2000). Landsat TM imagery has been used to predict environmental types at 

risk of being invaded by Isatis tinctoria L. (Dyers woad) by identifying habitat where the
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invasive plant had prevalently invaded (Dewey et al. 1991). The moderate spatial 

resolution of Landsat imagery was more suited to identifying associated habitat types 

than locating singular species. In New Mexico, researchers used supervised classification 

to identify moderate and light infestations of Gutierrezia sarothrae (Pursh) Britt. & 

Rushy, (broom snakeweed) over large areas using multitemporal AVHRR imagery 

(Peters et al. 1992). Ground-truthing to assess the accuracy of the map was not 

performed. SPOT imagery, with a 20 m pixel size, was used to map infestations of two 

undesirable shrubs in Texas rangelands (Anderson et al. 1993, Everitt et al. 1993a).

Airborne digital imaging systems provide another option for remote vegetation 

studies, and these platforms provide higher spatial resolution than satellite imagery. The 

Airborne Data Acquisition and Registration (ADAR) 5500 system is a high spatial 

resolution multispectral sensor developed initially by NASA, now commercially 

available, that researchers have used for measuring and monitoring vegetation (Carson et 

al. 1995, Lass et al. 1996, Phinn et al. 1999, Coulter et al. 2000). A plant community- 

level mapping project in California compared a map generated by automated 

classification of ADAR imagery to a map produced by intensive ground mapping 

methods (Coulter et al. 2000). Although the overall accuracy of the ADAR classified 

map was about 10% less than the ground-based map, researchers felt the time and effort 

saved by automated mapping was justified. The classified map identified the more 

prevalent chaparral community with much greater accuracy than the sensitive coastal 

sage scrub habitat (Coulter et al. 2000).

In Idaho, invasive plant ecologists have been experimenting with remote sensing to 

detect and map invasive plants (Carson et al. 1995, Lass et al. 1996, Lass and Callihan
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1997). In several studies utilizing ADAR imagery, researchers discovered that weed 

cover, phenology, and spatial resolution impacted the accuracy of the classification 

(Carson et al. 1995, Lass et al. 1996, Lass and Callihan 1997). A study of Hieracium 

pratense Tausch (yellow hawkweed) revealed that trying to detect patches with less than 

95% cover resulted in confusion with other percent cover classes and the non-weed class 

(Carson et al. 1995). When lumping three discrete cover classes into a single class, user’s 

accuracy for H. pratense jumped to 95% while producer’s accuracy increased to 81%. A 

similar study of H. pratense and Chrysanthemum leucanthemum L. (oxeye daisy) found 

that timing image capture to coincide with peak flowering consistently improved the 

classification accuracy (Lass and Callihan 1997). In a third study comparing four 

different spatial resolutions ranging from 0.5 m to 4 m, overall accuracy decreased as 

spatial resolution increased (Lass et al. 1996), indicating that there might have been an . 

optimal resolution for use in that particular environment where local variance was 

minimized and the ratio of pure pixels to boundary pixels maximized, thus improving 

classification.

Sensors with high spectral resolution (hyperspectral) and variable spatial resolution 

have also been utilized in vegetation studies. Hyperspectral imagery has been used to 

map oak savanna-grassland in California (Ustin et al. 1996), a mosaic of chaparral 

community types (Roberts et al. 1998), boreal forest cover types in Canada (Puentes et al. 

2000) and Alaska (Ustin and Xiao 2001), and composition of an eastern mixed deciduous 

forest (Martin et al. 1998). These applications identified relatively broad cover classes or 

green vegetation in general, and have not been used to target specific plants.
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In addition, the use of spectral mixture analysis (SMA) with hyperspectral imagery 

has allowed fractions of constituent components in a 20 m AVIRIS pixel to be quantified. 

In effect, the SMA process reduces the limitations imposed by coarser spatial resolution 

and mixed pixels, however it assumes that linear mixing occurs between components 

(Adams et al. 1993, Roberts et al. 1993, Roberts et al. 1998), which is not always the case 

when leaf canopies induce multiple scattering of light (Roberts et al. 1998). Uncertainty 

has been encountered using SMA in arid and semi-arid environments, because the 

background constituents, predominantly soil, overwhelm the weak vegetation signal 

(Okin et al. 2001). Okin et al. (2001) warned that even hyperspectral technology is 

limited by the physical environment and type of vegetation, and they estimated that 

indeterminate vegetation spectra typical of arid regions makes retrieval of species 

information unreliable below 50% cover. Further, even vegetation that exhibits some 

spectrally unique attributes is difficult to unmix at covers below 10% (Okin et al. 2001). 

The ultimate challenge with identifying plant species remotely based on reflected light is 

that the spectral response of vegetation is both highly variable and non-unique (Price 

1994, Cochrane 2000).

While the process of remote sensing to the species level has not been perfected to 

date, it nevertheless offers tradeoffs between traditional mapping methods, such as time 

and cost savings, which make it a potentially valuable tool. Recently AVIRIS imagery 

was used to map woody plant encroachment into grasslands (Wylie et al. 2000) and to 

update maps of the noxious plant E. esula in a national park (O’Neill et al. 2000). With 

continued research and application to resource issues, land managers and ecologists will
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be able to make informed decisions about which remote sensing products might best meet 

management objectives.

Data Reliability: Thematic Accuracy Assessment

To provide users of remote sensing data with information about map reliability or 

fitness for use, it is important that an accuracy assessment be performed to compare the 

classification or predicted data to reference data or ground truth. In the early days of 

remote sensing, classified maps would be visually compared to a known reference map or 

area and pronounced adequate with little or no quantitative summary of accuracy, 

(Congalton 1991). Scientifically objective methods based on probability sampling and

multivariate analysis have evolved that allow statistical estimation and inference
!

(Congalton et al. 1983, Congalton 1991, Stehman 1997). Satisfying the appropriate 

assumptions and requirements of statistical theory remains challenging when time and 

cost is often a limiting factor in applied research and management (Stehman 2001).

A fundamental component of an objective accuracy assessment is the sampling 

design (Congalton and Green 1999). The sampling design is the methodology used to 

select the units of reference that are used in both the training portion of classification and 

the analysis or comparison. The sampling design estimates the true population, or the 

entire area mapped and must be representative of that population for inference to be 

extended beyond the sample. Design-based estimation must also be based on probability 

sampling to make inference about the population (Stehman and Czaplewski 1998). 

Stehman (2001) argues that independence and equal probability are not required of the
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descriptive analysis common to most accuracy assessments, rather, descriptive inference 

is satisfied if the probability of including all elements in a sample is known. If the 

probability of including a sample element is known to be zero, then inference beyond that 

sample element is invalid. Common sampling schemes such as simple random, stratified 

random, systematic, and clustering adhere to the probability sampling requirement 

(Congalton 1991, Stehman and Czaplewski 1998, Stehman 2001). Subjective sampling 

based on convenience or accessibility does not allow inclusion probabilities to be 

determined and is not reliably representative (Stehman and Czaplewski 1998).

The sampling unit provides the basis for confirming a match between a class on the 

map and the corresponding class on the ground or reference map. The link provided by 

the sampling unit is both thematic and spatial. Sampling units can be points or area units 

such as pixels, polygons, or pixel clusters (Stehman and Czaplewski 1998). Janssen and 

van der Wel (1994) recommend the pixel because raster imagery is composed of pixels 

and is therefore most appropriate if pixel-based classification is performed. Pixels are 

difficult to locate accurately (Aronoff 1985), therefore, blocks of pixels are often used 

instead. The choice of sampling unit is often guided by mapping objective, management 

purpose, features of the physical environment, and feasibility (Stehman and Czaplewski 

1998, Congalton and Green 1999). If the user requires information about invasive plant 

infestations, then the polygon is more ecologically representative of the management 

need.

Image classified and field reference sample data are compared in an error matrix, or 

contingency table, and several estimation parameters computed to describe accuracy. 

There is no agreement on a single summary measure of accuracy or even which measure
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might best represent a particular objective (Stehman 1997), yet the Kappa statistic is 

often cited, relatively easy to compute, and recommended by several researchers 

(Congalton et al. 1983, Rosenfield and Fitzpatrick-Lins 1986, Hudson and Ramm 1987, 

Foody 1992, Janssen and van der Wel 1994, Congalton and Green 1999). Kappa was 

first introduced in the psychology literature by Cohen (1960) as a method to compensate 

for chance agreement between two comparisons in a contingency table. Congalton and 

Green (1999) cited the first publication of the Kappa statistic as a tool for remote sensing 

investigations as Congalton et al. (1983). Since then, Kappa and conditional Kappa, 

which mitigates chance agreement within individual classes, have been recommended for 

effectively representing overall and class accuracies (Rosenfield and Fitzpatrick-Lins 

1986, Fitzgerald and Lees 1994). Kappa has been shown to overestimate random 

agreement and underestimate accuracy, therefore a modified Kappa was proposed (Foody 

1992). Ma and Redmond (1995) recommended Tau, a derivation of Kappa, based on a 

priori rather than a posteriori probabilities of group membership. While agreement 

about the propriety of using Kappa as an overall measure of accuracy is disconsonant, 

Kappa does afford a method for comparing different classifications and remains a useful 

statistic for remote sensing (Congalton and Green 1999).

Ultimately, the accuracy measures used to represent a classification should reflect the. 

objectives of the mapping project. If the sampling strategy follows statistically rigorous 

protocols, then the overall, user’s, and producer’s accuracies are valid estimates of the 

population error matrix (Stehman 1997). The entire error matrix should be presented 

with summary measures of the overall accuracy for all categories and user’s and 

producer’s accuracy for each category (Stehman 1997). If summary measures of the
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error matrix are presented, users are provided with information about where confusion 

exists between classes and what classes are being omitted. This allows the user to 

consider the costs of misclassification or omission. In terms of invasive plant mapping, 

there might be greater economic cost involved in false positives; visiting a field location 

that the map indicated was infested by the plant only to find no infestation would result in 

time wasted. In such a case, user’s accuracy for the invasive plant category is the 

important accuracy parameter. From an ecologic standpoint, however, there might be 

greater cost associated with omitting the invasive plant, and thus never targeting the 

location for management. Missing an infestation and allowing the species to spread 

might be ecologically costly. By presenting overall, user’s, and producer’s accuracies, 

multiple parameters of interest are disclosed, and ultimately accuracy information is 

available to multiple users with potentially different objectives. H sound statistical 

sampling methods are used, the user can draw inferences about the population 

represented by the map (Stehman 1997).

Summary

Remote sensing products have been widely utilized in vegetation studies (Wessman et 

al. 1997, Price et al. 2001). Satellite imagery has been extensively used to map 

generalized land cover and vegetation biomass since the launch of NASA’s Landsat 

series (Graetz and Gentle 1982, Sohn and McCoy 1997). Air photo interpretation has 

been used to map plant species that exhibit unique visible pigment or morphological 

characteristics (Ramsey et al. 2002). Airborne digital imagery can provide greater
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spectral sensitivity than air photos, with comparable spatial resolution (Lillesand and 

Kiefer 2000). Commercial sensors have been developed that.offer both high spatial 

resolution and spectral resolution. Tradeoffs between spatial and spectral resolution for 

taxonomic mapping have been debated (Price 1997, Boardman and Green 2000). 

Imagery with high spatial and spectral resolution, however, might provide the spatial 

detail and the sensitivity to minor spectral deviations necessary to differentiate between 

plant species.
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CHAPTER 3

DETECTING AND MAPPING LEAFY SPURGE AND SPOTTED KNAPWEED IN 
RANGELAND ECOSYSTEMS USING AIRBORNE DIGITAL IMAGERY

Introduction

Invasive nonindigenous plants are harmful ecologically and economically to North 

American rangelands (Sheley et al. 1996, Vitousek et al. 1996, Bangsund et al. 1999). 

Effective and dynamic invasive plant management plans are critical for preventing and 

minimizing the spread of undesirable species (Sheley et al. 1999b). Invasive plant 

management plans require accurate and timely spatial information concerning the 

distribution of both undesirable plant species as well as desirable vegetation communities 

(Sheley et al. 1996). Accurate infestation information assists with locating and 

controlling small infestations before they grow too large to eradicate effectively (Johnson 

1999). Timely and repeated mapping allows managers to monitor change in weed 

distributions and thus the effectiveness of their management strategies (Cooksey and 

Sheley 1997).

Traditional survey methods for noxious weeds have utilized ground-based methods 

such as hand mapping onto 7.5’topographic quadrangles or directly mapping weed 

infestations with GPS receivers (Cooksey and Sheley 1997). While these methods 

specify sufficiently high accuracies (approximately 80%) for small management areas 

(Cooksey and Sheley 1998a), the intensive, systematic survey methods required to 

accurately map large areas might be financially, technically, and logistically impractical
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for many managers. Methods that promote accurate, landscape-scale mapping of 

rangelands at reduced cost would improve the ability of land managers to detect and 

monitor invasive plant distributions. For this study, the use of “landscape scale” refers to 

large geographical areas that have a common land management goal, such as county 

weed management areas, or state/federal wildlife reserves, grazing allotments, and wild 

and scenic river corridors.

Remote sensing has been used for decades to measure and map the biophysical 

characteristics of vegetation (Anderson et al. 1976, Tucker et al. 1985, Ioka and Koda 

1986, Smith et al. 1990, Treitz et al. 1992, Phinn et al. 1996, Ustin et al. 1996, Neale 

1997, Lawrence and Ripple 2000). Recently, studies have targeted ecologically and 

economically harmful plants and attempted to devise methods for mapping larger 

geographic extents (Eveiitt et al. 1987, Everitt and Deloach 1990, Everitt et al. 1992, 

Peters et al. 1992, Anderson et al. 1993, Carson et al. 1995, Everitt et al. 1995b,

Anderson et al. 1996, Lass et al. 1996, Ramsey et al. 2002). Managers need an 

alternative mapping methodology when traditional ground-based methods are logistically 

unfeasible due to large management areas. Remote sensing has the potential to map large 

areas at more feasible costs.

Detecting Invasive Plants: Spatial and Spectral Resolution

The utility of remote sensing for detecting weed infestations lies in the potential to 

map accurately large areas using automated techniques that process and classify imagery 

with relative technological ease. The areal extent that can be mapped by remote sensing
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depends on the spatial resolution and field of view of the sensor. Moderate spatial and 

spectral resolution satellite sensors such as Landsat Enhanced Thematic Mapper Plus 

(ETM+) or Systeme Pour !’Observation de la Terre (SPOT) offer broad area coverage in 

a single scene, yet at 20-30 m pixel size, the spatial resolution is too coarse generally to 

distinguish individual species unless represented homogenously (Dewey et al. 1991, 

Everitt and Escobar 1996, Sohn and McCoy 1997). Further, there is some dispute as to 

the potential for using remote sensing alone as a tool to discriminate between plant 

species becuase of the inherent variability in reflectance within species (Lees and Ritman 

1991). The utility of remote sensing, however, is perhaps most practically tested by an 

accuracy assessment.

In contrast to satellite imagery, aerial photography is capable of producing very high 

spatial resolution (often less than I m). The radiometric range of film emulsion is not as 

wide as the photosensitive devices used in electronic image sensors, nor are the dye 

layers discrete in the visible portion of the spectrum (Lillesand and Kiefer 2000). In 

addition, processing, scanning or digitizing, and interpreting conventional aerial 

photography can be costly, time consuming, and labor-intensive, requiring a trained 

photointerpretor or knowledge of the site (Everitt and Escobar 1996). Further, mapping 

has been limited to species that have unique visible characteristics such as a bright color 

or pubescence (Everitt and Richerson 1987). Generally, vegetation reflectance is too 

similar in the visible (VIS) and near-infrared (NIR) wavelengths (Woolley 1971, 

Cochrane 2000, Okin et al. 2001) to delineate spectrally using the limited spectral 

dynamic range of aerial photography (Lillesand and Kiefer 2000).
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Difficulties notwithstanding, aerial photography has been used to map undesirable 

herbs and shrubs in Texas and New Mexico rangelands (Everitt et al. 1987, Everitt et al. 

1992, Everitt et al. 1994) and the riparian invasive shrub Tamarix chinensis Lour. 

(Chinese tamarisk) in Texas and Arizona (Everitt and Deloach 1990). In Montana and 

North Dakota, Euphorbia esula L. (leafy spurge) exhibited significantly higher 

reflectance in the VIS (red) portion of the spectrum (630 -  690 nm) than associated 

vegetation (Everitt et al. 1995a). Another species with bright yellow flowering 

characteristics, Gutierrezia sarothrae (Pursh) Britt. & Rusby., was similarly observed to 

have higher reflectance at the 550 -  650 nm wavelengths (Everitt et al. 1987). Further, E. 

esula differed from most associated rangeland species except Symphoricarpus albus (L.) 

Blake (snowberry), Melilotus officinalis (L.) Lam. (yellow sweet-clover), and 

Descurainia pinnata (Walt.) Britt, (pinnate tansymustard), with higher reflectance in the 

NIR portion of the spectrum (760 -  900 nm). As a result, researchers were able to utilize 

both VIS and NIR spectral characteristics to photointerpret and map landscape scale 

infestations of E. esula with conventional color and color infrared (CIR) aerial 

photography in Theodore Roosevelt National Park (Anderson et al. 1996). Many studies, 

however, do not provide a quantitative accuracy assessment. To make remote weed 

mapping more feasible, high spatial resolution, high spectral resolution, and automated 

methods for identifying weed species are needed.

An alternative to both satellite imagery and aerial photography exists in airborne 

digital imagery. The spatial resolution of such sensors is similar to that of aerial 

photography, yet methods for processing and spectrally classifying the imagery can be 

automated, allowing for more efficient landscape-scale coverage. In Idaho, 4-band
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multispectral imagery captured from fixed wing aircraft and with very high spatial 

resolution has been used to map several invasive plants (Carson et al. 1995, Lass et al. 

1996, Lass and Callihan 1997).

Another variable to consider for detailed invasive species mapping using airborne 

digital imagery is the spectral resolution of the sensor. Both satellite and airborne 

multispectral imagery generally utilize relatively wide, discontinuous bandwidths in the 

visible, near-infrared, middle infrared, and thermal infrared portions of the spectrum. 

Recent technological advances have combined the principles of spectroscopy with the 

spatial component of remote imaging to produce hyperspectral sensors that sample 

electromagnetic energy in very narrow, continuous channels. The result is spectral 

response curves with very detailed absorption and reflection characteristics, which can 

facilitate identification of specific materials (Adams et al. 1993).

Because healthy vegetation exhibits similar spectral response in the VIS and NIR 

portions of the spectrum due to similar cellular chemistry and architecture (Woolley 

1971), identifying invasive species in a heterogeneous landscape is difficult with 

moderate resolution multispectral imagery (Dewey et al. 1991). Because of the 

continuous nature of spectra inherent to hyperspectral imagery, greater information 

content of the data might be utilized to differentiate vegetation into taxonomic levels. 

Researchers have applied hyperspectral imagery for mapping the non-indigenous E. esula 

in Theodore Roosevelt National Park (O’Neill et al. 2000) and to monitor undesirable 

woody vegetation encroaching into grasslands in the Niobrara Valley (Wylie et al. 2000).

It has been argued that hyperspectral information is redundant and that spatial 

resolution ultimately provides greater discriminatory power (Price 1997, Boardman and
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Green 2000). While independent studies have mapped invasive species with 

hyperspectral imagery (O’Neill et al. 2000, Wylie et al. 2000) and high spatial resolution 

multispectral imagery (Carson et al. 1995, Lass et al. 1996, Lass and Callihan 1997), a 

direct comparison of methodology and results has not yet been published. The purpose 

of this study was to map E. esula and Centaurea maculosa Lam. (spotted knapweed) 

using hyperspectral imagery and high spatial resolution multispectral imagery and to 

compare the resulting map accuracies. Hyperspectral and multispectral imagery were of 

different spatial resolutions and were classified with different algorithms. We compared 

the systems as a whole for their practical utility in mapping the target weeds. The 

components of the systems included the sensor, spectral resolution, spatial resolution, and 

classification algorithm.

Methods

Study Sites

The imagery covered two sites in Madison County, Montana, each site approximately 

1,024 ha in area (Figure I). The E. esula site was located 16 km southwest of Twin 

Bridges at the southern end of the Highland Mountains (LfTM extents: 384,023E, 

5,092,295N and 387,239E, 5,039,036N; NAD83, Zone 12). Average annual precipitation 

was 30 cm (Boast and Shelito 1989). Physiography predominantly consisted of upland 

fans dissected with ephemeral streams and terraces of the Big Hole River. Native 

vegetation was a mix of grasses, forbs, and shrubs, including Bouteloua gracilis (H.B.K.)
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Lag. (blue grama), Poa sandbergii Vasey (Sandberg bluegrass), Agrqpyron smithii Rydb. 

(western wheatgrass), Pseudoroegneria spicatum Pursh. (Love) (bluebunch wheatgrass), 

Stipa comata Trim & Rupr. (needleandthread), Stipa viridula Trin. (green needlegrass), 

Artemisia tridentata Nutt, (big sagebrush), and. Chrysothamnus nauseosus (Pall.) Britt, 

(rabbitbrush) (Boast and Shelito 1989). E. esula primarily occupied drainage bottoms 

and surrounding hillsides and was distributed with native vegetation in low to high 

density infestations.

E. esula is a rhizomatous perennial forb that thrives in a wide range of environmental 

conditions (Lajeunesse et al. 1999). E. esula is aggressive, spreading vegetatively and by 

exploding seed capsules to grow in dense patches, and is persistent due to nutrient 

reserves held in deep root systems (Lajeunesse et al. 1999). In full bloom, the leafy 

bracts of E. esula are a bright, showy yellow-green. Senescence occurs after seed 

production around the middle of August, whereupon the stems, leaves, and bracts dry to a 

rusty red color. E. esula was growing in a variety of phenological stages on the date the 

image was captured, ranging from bright yellow-green flowering to early senescence. E. 

esula was generally found in low to moderate density patches with other vegetation but 

occasionally grew in dense monocultures.
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Figure I . Euphorbia esula and Centaurea maculosa were mapped at two locations in 
Madison County, southwest Montana.

The C maculosa site was located in the northern foothills of the Gravelly Range and 

included the town of Virginia City and areas due west and south (UTM extents: 

422,693E, 5,017,404N and 425,887E, 5,014,094N; NAD83, Zone 12). Average annual 

precipitation was 30 cm (Boast and Shelito 1989). Physiography predominantly 

consisted of upland hills and ridges of the Gravelly Mountains and floodplains of 

perennial streams. Native vegetation consisted of mixed rangeland-forest types, 

including P. spicatum, Festuca idahoensis Elmer (Idaho fescue), S. comata, Carex 

filifolia Nutt, (threadleaf sedge), Lupinus L. spp. (lupine), A. tridentata, C. nauseosus,
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Gutierrezia sarothrae (Pursh) Britt. & Rusby. (broom snakeweed), Symphoricarpus albus 

(L.) Blake (snowberry), Juniperus scopulorum Sarg. (juniper), Populus tremuloides 

Michx. (aspen), and Populus deltoides Marsh, (cottonwood) (Boast and Shelito 1989). In 

addition, the non-native grass Bromus tectorum L. (cheatgrass) infested portions of the 

site.

C. maculosa is a tap-rooted, perennial forb that has invaded over 7,000,000 ha in 

North America since its introduction from Eurasia in the late 1800s (Sheley et al. 1998). 

Competitive physiology allows C. maculosa to displace native species across a wide 

range of environments (Sheley et al. 1993). Once C. maculosa is established, little else 

grows under its canopy with increased exposure of bare soil resulting (Tyser and Key 

1988). C. maculosa produces a branched inflorescence of purple flowers from Iate-June 

to late-September. Foliage ranges from fresh green during early growth to dull gray- 

green in later growth. On the date the imagery was captured C. maculosa was growing in 

various phenological stages, from recent flowering to early senescence. C. maculosa 

infestations tended to be mixed with other vegetation and had a higher percentage of bare 

soil exposed than the E. esula site.

Data Collection

The multispectral imagery was obtained using the Airborne Data Acquisition and 

Registration (ADAR) 5500 sensor, an electronic imaging instrument comprised of four 

cameras mounted with 20 mm lenses. The E. esula site was flown on 7 August 1999 and 

the C. maculosa site on 10 August 1999; both were flown at approximately 11 am



36

Mountain Daylight Time (MDT). The average flying height of 2225 m above ground 

level resulted in a nominal spatial resolution of I m. Cameras were individually filtered 

to record reflectance over the ranges 460 -  550 nm, 520 -  610 nm, 610 -  700 nm, and 

780 -  920 nm, centering on blue, green, red, and NIR portions of the spectrum, 

respectively.

The hyperspectral imagery was obtained using the Probe-1 sensor. The E. esula and 

C. maculosa sites were both flown on 25 August 1999 from approximately 12 pm to 2 

pm MDT. Specifications for Probe-1 cite a ground resolution cell of 5 m when flying at 

an average height above ground level of 2500 m (Earth Search Sciences 2002). The 

Probe-1 sensor records incoming light in 128 bands in a nearly continuous spectral range 

from 440 -  2507 nm.

In August 1999, crews collected ground reference polygons of the target weed (E. 

esula or C. maculosa) and associated vegetation using Trimble GeoExplorer II Global 

Positioning System (GPS) receivers that have an accuracy of 2-5 m after differential 

correction (Marshall 1996). We randomly located transects within a grid overlaid on the 

study site and sampled target weed and associated vegetation polygons. Sizes of weed 

infestations ranged from 6 to 507 m2. GPS field data were differentially corrected. 

Samples were split randomly into two sets: (a) image reference spectra for the 

classification algorithm and (b) ground reference samples for an accuracy assessment. 

We did not sample a hay meadow in the southeast portion of the E. esula study site, nor 

within the city limits of Virginia City at the C. maculosa site. We subsequently masked 

these areas from the study area.
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Image Processing and Analysis

Multispectral Imagery. The multispectral imagery was delivered to us georeferenced 

(UTM, NAD83, Z12), color-balanced, and mosaicked by Positive Systems, Inc. A root 

mean square error (RMSE) was not reported. We visually compared the imagery to a 

DOQ and found excellent co-registration of features. Therefore, the GPS data was 

directly overlaid onto the imagery to obtain image statistics and perform accuracy 

assessments.

We used EKDAS Imagine (v. 8.4) image processing software to spectrally classify 

the imagery with a maximum likelihood (ML) classifier. The ML algorithm used the 

reference or “supervised” training data to develop statistical decision rules for assigning 

pixels to a given category. Half of the ground reference samples were used as image 

reference spectra. For the E. esula site, there were 85 vegetation and 48 E. 'esula training 

classes. For the C. maculosa site, there were 88 vegetation 68 C. maculosa training 

classes. Rules were based on probability density functions developed from mean vectors 

and covariance matrices, and assumed a Gaussian distribution of the training class 

statistics (Jensen 1996). Class probabilities of occurrence were weighted equally for all 

classes. Post-classification smoothing was applied using a 3x3 majority filter to mitigate 

the inherent speckled nature of the remotely sensed classification.

Hvperspectral Imagery. We used a polynomial transformation to georegister the 

hyperspectral imagery to a DOQ. The transformation did not adequately correct local 

distortion and produced high RMSEs (2 -  14 pixels or approximately 10 -  70 m). To 

compensate for poor co-registration, we interactively moved the GPS reference polygons
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to correspond with visual locations on the DOQ. We acknowledged a certain degree of 

locational inaccuracy because of accuracy limitations of the DOQ (USGS 2001) and the 

difficulty of visually co-registering pixels. We did not attempt to quantify the potential 

spatial error resulting from relocated polygons.

After georeferencing, we resampled images of the E. esula site to 5 m pixels using a 

nearest neighbor function and mosaicked five scenes into one composite image. 

Illumination variations within and between scenes were not corrected for the E. esula 

imagery. We observed distinct and potentially problematic illumination differences 

between scenes at the C. maculosa site, so we applied a cross-track illumination 

correction (CTIC) incorporated into ENVI (v. 3.2) image processing software (ENVI 

1997). We measured pixel sizes and observed an average pixel size of approximately 3.5 

m. After CTIC we resampled images to 3 m pixels using a nearest neighbor function.

We tested two different classification approaches. We used Spectral Angle Mapper 

(SAM), an algorithm incorporated into ENVI (ENVI 1997), and a rule-based system 

using classification and regression tree analysis (CART) (Breiman et al. 1984). To 

simplify comparison, in this section we present the multispectral ML classification and 

the hyperspectral CART classification. The hyperspectral SAM classification is 

presented and compared to the multispectral ML and hyperspectral CART classifications 

in Appendix A.

CART analysis is a statistical technique that clusters data into homogenous terminal 

nodes, or classes, on a hierarchical tree using recursive partitioning (Lawrence and 

Wright 2001). CART iteratively examines and splits all predictor variables into binary 

nodes that produce best homogeneity, or minimized deviance of the response variable.
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Ultimately, a tier of decision rules are generated that utilize those predictor variables that 

best predict purest class membership.

We generated classification trees in S-Plus 2000 statistical software and pruned the 

trees according to cross-validation procedures (Venables and Ripley 1997). Cross- 

validation produced a plot of the amount of deviance in class type reduced at each node 

of the tree. Trees were pruned where insubstantial reduction of deviance occurred. 

Pruning simplified a potentially overfit model, eliminating those splits that explained 

minimal deviance in the dataset (Lawrence and Wright 2001). The result was a series of 

decision rules using the explanatory power of those spectral bands most efficient at 

differentiating pixels into target weed or associated vegetation class membership. The 

decision rules were used in Imagine’s Expert Classifier module to create maps. A 3x3 

majority filter was applied to the classified image to smooth inherent variability.

Accuracy Assessment

Both multispectral and hyperspectral image classification resulted in hard 

classification of pixels: each pixel was assigned to only one category. Thematic maps of 

target weed and associated vegetation were generated from each classified image. 

Accuracy assessments were performed that compared the predicted cover class (classified 

map) to observed cover class (GPS reference data). Error matrices were created for each 

classified image and overall accuracy, producer’s accuracy, and user’s accuracy were

calculated.
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Overall accuracy measures complete agreement between map and reference data, 

however, it provides no information about performance of individual classes or where 

class confusion might occur (Rosenfield and Fitzpatrick-Lins 1986, Story and Congalton 

1986). Producer’s accuracy measures the proportion of units correctly classified out of 

the total number of reference units for each category. A measure of the algorithm’s 

success at identifying classes, it provides information about observations that have been 

omitted from the correct category. User’s accuracy indicates the proportion of units 

correctly classified into the appropriate category out of the total units classified into each 

map category. It reveals where errors by commission have occurred, or when a unit has 

been placed into the wrong category. While we present all summary measures from the 

error matrices, we focus on user’s accuracy. From a management perspective, user’s 

accuracy provides more valuable information about the classification accuracy or 

effectiveness of the map because it indicates the proportion of target weed units on the 

map where a map user would actually find the target weed on the ground.

In addition to the error matrix, we performed a Kappa analysis, a discrete multivariate 

statistical technique used to compare categorical classifications (Cohen 1960, Congalton 

et al. 1983, Rosenfield and Fitzpatrick-Lins 1986, Hudson and Ramm 1987). The Khat 

statistic, an estimate of the Kappa coefficient of agreement, was used to measure the 

difference in agreement between each remotely sensed classification and any agreement 

resulting from each unique classification because of chance (Congalton and Green 1999). 

For each classification, chance agreement was calculated from the observed marginal 

proportions of the error matrix (Stehman 1997), thus each classification was compared to 

its own unique potential for chance agreement. In this study, we were not comparing
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algorithms directly because other variables (spatial and spectral resolution, sensor) were 

not held constant (Table I). Because of differences in spatial and spectral resolution and 

sensor, one could not make the claim the algorithm caused the increase in accuracy. As a 

result, we could not use Kappa to compare different classifications for significant 

differences.

Table I. Imaging systems and methods of analysis compared for (a) E. esula site and (b) 
C. maculosa site. Sensor, bands, spatial resolution, and classification algorithm are 
compared.

The sample units used for the accuracy assessment were polygons. Because the 

strictest interpretation of correctly classified vegetation and weed polygons was 

unrealistic for the resulting discrete thematic maps (weed infestations were not 100% 

infested), decision rules for determining whether a given reference polygon overlaid on 

the raster classification map was correctly classified followed incremental percentage 

thresholds. For example, in the strictest interpretation, or 0% threshold, no weed pixels 

should be present in a polygon in order to be correctly classified as vegetation, while one 

weed pixel in a given polygon would constitute correct classification as the target weed. 

The classifications inherently resulted in some degree of speckle and a hard interpretation 

tended to produce unrealistically low accuracies. For example, few vegetation accuracy 

assessment polygons contained solely vegetation pixels. Accuracy thresholds were

C. maculosa
ADAR 5500 

4-band 
I meter 

ML

compared
to

Probe-1 
128-band 
3 meter 
CART

(b)

E. esula
ADAR 5500 

4-band 
I meter 

ML

compared
to

Probe-1 
128-band 
5 meter 
CART

(a)
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calculated in 5% increments that increased for vegetation, or limited for weed, the 

percentage of non-category pixels allowed for a correct classification. For example, at 

the first 5% increment, a polygon scored a correct classification as the target weed if it 

contained at least 5% weed pixels. On the other hand, a polygon scored a correct 

classification as vegetation if it contained less than 5% weed pixels.

We produced accuracy assessment plots, starting at the strict 0% threshold rule, 

which graphed user’s accuracies for target weed (of most interest to a weed map user) 

and vegetation classes, overall accuracies, and Khat statistics at 5% threshold intervals. 

We generated error matrices for the strict 0% threshold rule and for the threshold that 

optimized user’s accuracy for the target weed without a decline in overall accuracy.
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Results

Euphorbia esula

Multispectral Imagery. Using the strictest interpretation of accuracy (0% threshold), 

user’s accuracy for E. esula was 41%, user’s accuracy for vegetation was 83%, overall 

accuracy was 50%, and the Khat value was 0.14 for the classified map (Table 2). At the 

0% threshold there was substantial confusion of vegetation for E. esula because of widely 

distributed speckle that caused most vegetation polygons to contain at least some weed 

pixels. At the strict interpretation, vegetation polygons were to be weed free. The map 

visually revealed overclassification of E. esula, with widely scattered, low-density 

infestations across the landscape, and a slight pattern of clustering in drainages (Figure 

2). As the thresholds became less stringent, all accuracies increased. At the 10% 

threshold, the Khat value was maximized at 0.44, while user’s accuracy for vegetation 

peaked at 87%, user’s accuracy for E. esula was 57%, and overall accuracy was 71% 

(Figure 3). User’s accuracy for E. esula, however, continued to rise and at the 50% 

threshold achieved an accuracy of 84%. Thereafter, overall accuracy declined from the 

high of 74%. At the 65% threshold no vegetation polygons were misclassified (all 

vegetation polygons were composed of at least 35% vegetation pixels) therefore user’s 

accuracy for E. esula jumped to 100%.

Hvperspectral Imagery. Using the strictest interpretation of accuracy for the CART 

classified map, user’s accuracy for E. esula was 61%, user’s accuracy for vegetation was
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74%, overall accuracy was 70%, and the Khat value was 0.32 (Table 2). The 

hyperspectral CART map revealed a more concentrated (less diffuse) pattern to the E. 

esula infestations, with distributions clustering in drainages and on hillslopes nearby 

(Figure 2). As thresholds became less strict, user’s accuracy for vegetation showed little 

change (Figure 3). User’s accuracy for E. esula climbed steadily as classification rules 

for vegetation relaxed (we accepted more weed pixels in vegetation polygons) and fewer 

vegetation polygons were confused with weed polygons. User’s accuracy for E. esula 

reached 82% at the 50% threshold. At this point, overall accuracy was maximized at 

75% and the Khat value reached a high of 0.38.
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Table 2. Error matrix summary measures comparing multispectral classification and 
hyperspectral classification of E. esula at strict interpretation of accuracy (0% threshold) 
and 50% threshold.
M ultispectral Classification A ccuracies 
0% Threshold

H yperspectral C lassification Accuracies 
0% Threshold

% E. esu la V e g e ta tio n % E. e su la V eg e ta tio n
U s e r ’s 41 83 U s e r ’s 61 74
P ro d u c e r ’s 90 28 P ro d u c e r ’s . 49 82
O v e ra ll 50 O v e ra ll 70
K h a t 0 .1 4 K h a t 0 .3 2 -

50% Threshold 50% Threshold
% E. e su la V e g e ta tio n % Ti. eraZti V eg e ta tio n

U s e r ’s 84 7 2 U s e r ’s 82 73
P ro d u c e r ’s 33 96 P ro d u c e r ’s 38 95
O v e ra ll 7 4 O v e ra ll 7 5
K h a t 0 .3 4 K h a t 0 .3 8

Table 3. Error matrix summary measures comparing multispectral classification and 
hyperspectral classification of C. maculosa at strict interpretation of accuracy (0% 
threshold) and 45% and 25% thresholds.

M ultispectral Classification Accuracies 
0% Threshold

H yperspectral Classification Accuracies 
0% Threshold

% C. m a c u lo sa V e g e ta tio n % C. m a c u lo sa  V eg e ta tio n
U s e r ’s 45 73 U s e r ’s 74 62
P ro d u c e r ’s 94 13 P ro d u c e r ’s 41  86
O v e ra ll 48 O v e ra ll 65
K h a t 0 .0 6 K h a t 0.28

45% Threshold 25% Threshold
% C. m a cu lo sa V e g e ta tio n % C. m a c u lo sa  V eg e ta tio n

U s e r ’s 69 83 U s e r ’s 86 62
P ro d u c e r ’s 68 49 P ro d u c e r ’s ' 3 7  95
O v era ll 68 O v e ra ll 67
K h a t 0 .33 K h a t 0 .3 2
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Figure 2. (a) ML classification of E. esula, displayed in bright green, overlaid on 4-band 
multispectral imagery. Bands 4 (780-920 nm), 3 (610-700 run), and 2 (520-610 nm) are 
displayed as red, green, and blue, (b) CART classification of E. esula overlaid on 
hyperspectral imagery. Bands 24 (784 nm), 16 (662 nm), and 9 (555 nm) are displayed 
as red, green, and blue, (c) ML classification of C. maculosa, displayed in blue, overlaid 
on 4-band multispectral imagery, (d) CART classification of C. maculosa overlaid on 
hyperspectral imagery.
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Figure 3. Accuracy assessment curves comparing incremental decision rules for (a) 
multispectral ML classification and (b) hyperspectral CART classification of E. esula.
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Centaurea maculosa

Multispectral Imagery. Using the strictest interpretation of accuracy, user’s accuracy 

for C. maculosa was 45%, user’s accuracy for vegetation was 73%, overall accuracy was 

48%, and the Khat value was 0.06 for the classified map (Table 3). Similar to the E. 

esula site, vegetation was confused with the target weed, and the resulting map visually 

revealed indiscriminant and wide scattering of C. maculosa, indicating substantial 

overclassification (Figure 2). There appeared to be no apparent pattern to the C. 

maculosa distribution. As the thresholds became less stringent, overall accuracy, user’s 

accuracy for C. maculosa, and Khiat values increased until a maximum Khat value of 0.33 

was reached at the 35% threshold (Figure 4). User’s accuracy for vegetation increased 

until the 10% threshold, and then declined as the rules for weed polygons became stricter, 

thus causing more confusion of weed polygons for associated vegetation. At the 45% 

threshold, overall accuracy peaked at 68% and user’s accuracy for C. maculosa reached 

69%. Khat again reached a maximum of 0.33 at the 45% threshold.

Hvperspectral Imagery. Using the strict interpretation of accuracy for the CART 

classified map, user’s accuracy for C. maculosa was 74%, user’s accuracy for vegetation 

was 62%, overall accuracy was 65%, and the Khat value was 0.28 (Table 3). The map 

revealed scattered infestations of C. maculosa throughout the site, with larger and denser 

infestations around Virginia City and in the proximity of mining sites (Figure 2). 

Increasing the threshold caused very little change in overall accuracy and user’s accuracy 

for vegetation (Figure 4). User’s accuracy for the target weed increased as less



commission errors were made with vegetation. As thresholds for .vegetation became 

incrementally less strict, more vegetation polygons were correctly classified and not 

confused with C. maculosa. At the 25% threshold, user’s accuracy for C. maculosa 

increased to 86% and overall accuracy peaked at 67%.

49
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Figure 4. Accuracy assessment curves comparing incremental decision rules for (a) 
multispectral ML classification and (b) hyperspectral CART classification of C 
maculosa.
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Discussion

Visually, the maps were different; the hyperspectral CART classifications more 

adequately reproduced the ecological and dispersal behavior of both invasive species.

We can make no statistical claim, however, that hyperspectral CART imagery produced 

more accurate maps of the invasive plants than multispectral ML imagery because we 

could not use Kappa in a Z test to compare classifications. Instead, we examined user’s 

accuracy for the target weed species as an unbiased estimate of map reliability for that 

particular class. A comparison of summary measures and classified maps is justified and 

in keeping with our objectives. What do the different map accuracies impart about the 

utility of employing such remote mapping methods for monitoring invasive plant 

populations? How reliable are the resulting weed maps? Are the maps appropriate for 

use at management scales?

Comparisons: Imagery. Algorithms. Invasive Plant Species

User’s accuracy, or the proportion of locations for which the map label is correct on 

the ground, has been defined as the usefulness or reliability of the map (Aronoff 1982, 

Janssen and van der Wel 1994) and is arguably of most practical interest to a resource 

manager. The hyperspectral CART system produced higher user’s accuracies for both E. 

esula and C. maculosa. The hyperspectral imagery at 5 m spatial resolution classified 

with the CART algorithm produced the highest overall Khat value (0.32) and the highest 

user’s accuracy (61%) for E. esula of each classified image at the strict interpretation of
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accuracy. The hyperspectral CART classification resulted in a 20% increase in weed 

user’s accuracy over the multispectral classification (41%). While recommending a 

hyperspectral CART classification for E. esula over the multispectral ML classification 

could not be statistically proven by comparing Khat statistics, the higher user’s accuracy 

for the hyperspectral CART map indicated a manager might find E. esula on the ground 

more consistently than with the multispectral ML map. The estimates of Kappa and 

user’s accuracies for the two classifications were substantially different, and, with regard 

to environmental patterns revealed by the maps, the classifications were different 

visually.

Similar to the E. esula classifications of the hyperspectral CART and multispectral 

ML combinations, the hyperspectral CART system resulted in a higher overall Khat 

value (0.28) and a higher user’s accuracy for C. maculosa (74%) at the strict 

interpretation of accuracy. The hyperspectral CART classification resulted in a 29% 

increase in weed user’s accuracy over the multispectral ML classification (45%).

Visually the maps were different and the hyperspectral CART map was qualitatively 

more representative of the C. maculosa infestations at the site. User’s accuracy for C. 

maculosa was nearly 30% higher for the hyperspectral CART map than the multispectral 

ML map, and such a measure might be significant to a manager interested in monitoring 

plant distributions.

Reflectance Characteristics of E. esula. Although healthy vegetation exhibits similar 

reflectance properties, differentiation is possible due to structural characteristics, leaf area 

and geometry, surface construction, water content, and, in the VIS spectral range, 

pigmentation (Knipling 1970, Woolley 1971). Structural characteristics and leaf
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area/geometry interact with shading and background reflectances, further increasing 

spectral separation. Successful classification of imagery by an algorithm can be 

dependent on physiological and phenological variability of the invasive plants and 

associated ,vegetation (Lass and Callihan 1997).

E. esula primarily spreads through rhizomatous rootstalks (Lajeunesse et al. 1999), 

thus, once established, can aggressively grow in dense patches that ultimately exclude 

native vegetation. In some instances, a resilient and healthy native community can 

prevent total exclusion of resources by E. esula, in which case the weed coexists in 

moderate density infestations with native vegetation (Sheley et al. 1996). During 

flowering, bright yellow-green bracts branch and form a dense and complex-angled upper 

canopy. This combination of growth-habit and structural characteristics determines 

reflectance characteristics and how spectrally distinct E. esula might be. In our study, E. 

esula patches of varying percent cover were mixed with native vegetation. In addition, 

some E. esula plants had begun to senesce. Training polygons exhibited a high degree of 

variability. CART applied to the hyperspectral imagery might have best compensated for 

the variability to produce the most accurate results. While we could not isolate any single 

variable in the combination of spectral resolution, spatial resolution, and algorithm as 

being most influential for producing higher accuracies (for example, higher E. esula 

user’s accuracies of the hyperspectral system might have been a result of decreased 

spatial resolution or an interaction of all three variables), understanding of how CART 

and ML algorithms function allows insight into the results.

CART examined all 128 spectral bands, but focused on those spectral bands that 

ultimately provided most separability by reducing deviance in the final clusters.
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Although there might have been higher class confusion in certain bands, CART would 

have disregarded those bands if they did not reduce deviance effectively.

The maximum likelihood classifier used with the multispectral imagery calculated 

probability density functions (PDF) from E. esula and vegetation training samples using 

spectral response in the 4 bands. Probability of an unknown pixels membership to a 

given cluster was calculated based on PDF variance and distance to mean. Given the 

variability in percent cover and phenology of the E. esula training polygons, the PDF for 

the weed class potentially resulted in high covariance and overlap with vegetation 

(Lillesand and Kiefer 2000).

Reflectance Characteristics of C. maculosa. Understanding the ecology and growth 

habit of C. maculosa provides information about potential spectral separation of C. 

maculosa from other vegetation. C. maculosa flowers are purple to pink and borne on 

single or branching flowerheads on multiple stems.' A single plant produces between 25 

-35 flowers (Sheley et al. 1999a). Unlike E. esula, which blooms early in the growing 

season in the north, C. maculosa plants have wide flowering amplitude, blooming from 

June to October. It would be difficult to characterize a stand of C. maculosa using 

remote sensing based solely on phenology, unless the stand happened to be flowering 

uniformly. Studies have documented increased soil exposure on sites dominated by C. 

maculosa over sites with a greater diversity of perennial species (Tyser and Key 1988, 

Lacey et al. 1989). In arid and semi-arid environments where vegetation cover is reduced 

and the soil percentages are greater, researchers have modeled the increasing influence of 

soil reflectance in separating scene components (Graetz and Gentle 1982, Smith et al. 

1990, Roberts et al. 1993, Ustin et al. 1996). Areas dominated with C. maculosa and
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with reduced vegetation understory and increased bare ground will reflect light 

differently than areas with a diverse and multi-storied ground cover.

In general, soil has a flatter spectral response curve with fewer absorption features 

than photosynthetically active vegetation and has higher reflectance in the VIS and lower 

reflectance in the NIR (Lillesand and Kiefer 2000). CART will capitalize on variable 

brightness patterns by using the bands that emphasize differences in the process of 

clustering. The hyperspectral CART classification of C. maculosa was different from the 

other classifications in that it produced a higher user’s accuracy for the target weed (74%) 

than for vegetation (62%) at the 0% threshold. Further, the hyperspectral CART system 

produced the highest user’s accuracy for C. maculosa of all algorithms and imagery.

Management Implications

The Montana Noxious Weed Survey and Mapping System (MNWSMS) describes 

accuracy levels for ground-based invasive plant mapping using estimated attribute 

accuracy and horizontal accuracy (Table 4) (Cooksey and Sheley 1998b). Workers 

performing ground-based mapping were to use the MNWSMS metadata form to estimate 

their accuracy based on three levels before entering spatial data into a statewide database.
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Table 4. Accuracy levels for ground-based mapping invasive plants from the Montana 
Noxious Weed Survey and Mapping System’s metadata form (Cooksey and Sheley
1998a).

A ccu racy  L evel F actors th a t D eterm in e A ccu racy
L e v e l  I A t t r ib u te  a c c u ra c y  =  8 0 -  1 0 0 %  

H o r iz o n ta l  a c c u ra c y  =  0 -2 0  m
L e v e l  I I A t t r ib u te  a c c u r a c y  =  6 0 - 8 0 %  

H o r iz o n ta l  a c c u r a c y  =  2 0 - 1 0 0 m
L e v e l  IH A t t r ib u te  a c c u ra c y  <  6 0 %  

H o r iz o n ta l  a c c u ra c y  >  1 0 0 m

The multispectral classifications of both E. esula and C. maculosa at the 0% threshold 

produced map accuracies comparable to Level HI of ground-based invasive plant maps. 

For both invasive plants, over half of the mapped weed locations were false positives and, 

according to our estimate of the population, these areas were not truly infested in the 

field. By moderating the decision rules and relaxing the thresholds, user’s accuracies for 

both weed species peaked around the 50% threshold and ranged from 41 -  84% for E. 

esula and from 45 -  69% for C. maculosa (Figures 3 and 4). If a manager wanted to be 

more certain the proportion of sites visited would indeed contain weed infestations, they 

might consider looking only at mapped areas with greater than 50% weed pixels. For E. 

esula the improvement was greatest: 84% of areas showing more than 50% weed pixels 

would truly contain infestations in the field, a much more efficient use of time than had 

only 41% of the sites contained E. esula plants. In relaxing the decision rules, thresholds 

increase the user’s accuracy of the multispectral imagery, however, producer’s accuracy 

for E. esula decreases as weed thresholds increase and more omission errors occur. The 

multispectral imagery was easier and less time-consuming to process and can be more 

accurately georegistered, ultimately saving costs when using the imagery to map invasive
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plants. The multispectral ML maps were not accurate enough to use in a site-specific 

manner, or to locate small outlying infestations, but they might be used to locate areas of 

potential infestations such as drainages or midslopes.

The hyperspectral CART classifications of both E. esula and C. maculosa provided 

user’s accuracies close to Level I of ground-based invasive plant mapping methods at the 

strictest accuracy threshold. Again, relaxing decision rules by allowing an incrementally 

higher percentage of non-category pixels present in each accuracy assessment polygon 

increased weed user accuracies. This translated into a map that accepted a certain 

percentage of weed pixels in areas classified as vegetation, and required a minimum 

percentage of weed pixels in areas classified as weed.

The minimum mapping unit of the hyperspectral imagery was the 3 -  5 m resolution 

cell size; The CART algorithm was not designed to locate weed patches smaller than the 

minimum mapping unit. Spectral mixture analysis might have detected infestations 

smaller than the resolution cell size, however, we chose to test algorithms that required 

less complex training site selection.

Although at a preferable resolution for monitoring small spatial patterns of invasive 

plants, the multispectral imagery proved less reliable at accurately detecting infestations. 

While not of a resolution capable of detecting single plants, the resolution of the 

hyperspectral imagery was nevertheless at a management scale that might permit early 

detection of small, outlying infestations. Further, this study has shown that classification 

of 3 - 5 m resolution hyperspectral imagery was of accuracy suitable for mapping 

invasive plant infestations at landscape scales.
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• Limitations

While the hyperspectral CART classifications performed adequately, intensive 

inventory using traditional ground based mapping methods, though perhaps more time- 

consuming, is generally capable of providing more accurate weed distribution data 

(Cooksey and Sheley 1998b). Potential factors contributing to inaccuracies include 

sources of spatial error and limitations of the training and reference sample data. Due to 

spatial accuracy limitations imposed by imperfect georegistration, it is theoretically 

impractical to locate infestations less than the size of the minimum mapping unit or 

resolution cell size (Aronoff 1985). In theory, we could not expect to locate accurately 

weed infestations smaller than I m2 for the multispectral imagery, and 5 m2 for 

hyperspectral imagery. In reality, we were further constrained by the +/-6 m accuracy of 

the DOQ to which the imagery was registered (USGS 2001), by the accuracy of the GPS 

receivers, and by errors introduced through visually estimating the location of the 

hyperspectral reference samples. Limitations in the sample data include wide 

phenological variability in the class training samples, small polygon area, and inference 

beyond the mean polygon size of the training samples.

The training samples for both target weed and vegetation undoubtedly captured a 

wide variety of reflectance ranges due to variable percent cover and species diversity.

Our intent was to capture a certain degree of natural variability within the classes and 

thus to represent dynamic environmental circumstances such as different stages of 

invasion, a diverse understory, and variable shade and illumination conditions (Walsh 

1987). The error matrices and maps, however, consistently revealed overclassification of
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the target weed. There was significant confusion of weed-free vegetation with target 

weeds at both study sites. This indicated that the training data did not effectively narrow 

the range of spectral variability for each class to avoid overlap. Utilizing low-density 

weed patches as training samples, and therefore diluting the weed spectral response with 

vegetation spectral response, most likely contributed to the spectral overlap. A potential 

solution to the problem of non-homogeneity of the training samples is to apply spectral 

unmixing to model the fractions of vegetation, target weed, soil, and shade (Adams et al. 

1993, Roberts et al. 1993, Okin et al. 2001).

Another source for potential error occurred by inferring beyond the training data, or 

extending spectral signatures beyond their true spatial extent (Jensen 1996). For 

example, at the E. esula site, we did not sample the hay meadow in the southeast portion 

of the map and the vegetation spectral response was not represented for this area. To 

compensate for this gap in reference data we chose to mask the hay meadow out of the 

study area. In retrospect, a stratified sampling design that identified and sampled 

common and distinct associated vegetation types in the study area might have provided 

more representative reference data.

Another limiting factor that was exacerbated for the hyperspectral imagery was the 

relatively small polygon size, which resulted in a low number of pixels representing the 

training samples. With an increase in resolution cell size from I square meter for the 

multispectral imagery to 9 or 25 square meters for the hyperspectral imagery, the average 

number of pixels per weed polygon decreased from 68 to 5 pixels for the C. maculosa 

site and from 90 pixels to 3 pixels for the E. esula site. The reduced sample size did not 

provide a representative sample of the landscape. In statistical classifiers, a better
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estimate of the mean and covariance matrix is achieved with a greater sample size 

(Lillesand and Kiefer 2000). We were unable to collect larger polygons of the target 

weeds.

There were definite lessons learned from this study based on (I) remote sensing 

issues and (2) invasive plant density/phenology issues. The remote sensing lessons 

largely revolved around imagery, classification method, and ground reference samples. 

The hyperspectral imagery was not easily rectified. We mitigated the registration issues 

by hand-locating the reference samples, but this undoubtedly impacted the operability 

and the accuracy. Methods for rectifying hyperspectral imagery are available at greater, 

expense. In addition, hand mapping onto imagery while in the field can provide 

maximum locational accuracy (Aspinall In press). Unfortunately, the imagery was not 

available at the time of sampling.

The classification algorithms we applied were those that had proven utility in other 

applications. Part of the objective was to use imagery and processing/analysis methods 

that were operationally practical. The ML classifier is commonly used with multispectral 

imagery (Lillesand and Kiefer 2000) and CART has seen relative success with 

hyperspectral imagery (Lawrence and Labus In press). The ML classification did not 

perform well with the classification scheme we used. The ground reference samples 

incorporated a large, amount of spectral variability, potentially resulting in substantial 

overlap in the spectral signature between target weed and associated vegetation. Larger 

infestations with consistently higher weed density might have increased spectral 

separability and reduced the variability of the target weed spectral response.
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The density of E. esula and C. maculosa at both sites were not 100% cover or 

exclusive of other plants, thus we did not capture pure target weed reflectance with the 

reference samples. Timing image capture with peak flowering, though logistically not 

always possible, might also have mitigated the high variability of weed spectral response. 

E. esula exhibited wide phenology, increasing the variability of spectral response.

Even with the limitations, this study provided valuable information about applying 

airborne digital imagery to mapping invasive species. Operational and practical methods 

were applied to classify multispectral and hyperspectral imagery. Multispectral ML and 

hyperspectral CART classifications produced different distribution maps of the target 

weeds. User’s accuracy was used as a measure of map reliability to compare 

multispectral ML and hyperspectral CART classifications. The hyperspectral CART 

classifications resulted in higher user’s accuracy for both E. esula and C. maculosa. 

Though not of sufficient accuracy to detect small outlying infestations that are critical to 

eradicate in order to slow the spread of invasive plants, the hyperspectral imagery 

provided results with user’s accuracies similar to intensive hand-mapping methods.

Given the time and cost required to perform intensive ground surveys, the tradeoff of 

lower accuracy might be worthwhile in situations where an estimation of infestation 

distributions over large areas will assist with invasive plant management objectives.

\
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CHAPTER 4

EFFECTS OF COLOR BALANCING OF AIRBORNE MULTISPECTRAL IMAGERY
ON INVASIVE PLANT MAPPING

Introduction

Airborne digital sensors with spatial resolution comparable to resolution achieved 

with aerial photography have become widely commercially available. One example of a 

high spatial resolution sensor is Positive Systems’ Airborne,Data Acquisition and 

Registration (ADAR) 5500 system, which can produce a spatial resolution of between 0.5 

and I m at lower altitudes (Lass et al. 1996, Phinn et al. 1996, Phinn et al. 1999). With 

an increase in ground resolving power 30 linear times traditional satellite sensors such as 

Landsat, these high spatial resolution sensors might improve the accuracy of classifying 

vegetation to the species level. A study was initiated to classify ADAR 5500 imagery for 

two species of invasive plants in rangeland environments of southwestern Montana and to 

determine the classification accuracy. However, while mosaicking individual scenes into 

one composite image brightness gradients were observed within and between scenes that 

resulted from interaction of sun-sensor geometry (Figure 5). Acknowledging that 

modeling the mechanistic and physical principles causing the bidirectional reflectance 

was beyond the scope of the project, we tested the effect that Positive Systems’ Digital 

Imaging Made Easy (DIME™) color balancing software had on mitigating the brightness 

gradient and changing classification accuracy results from non-color balanced imagery.
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(a) (b)

Figure 5. Mosaicked ADAR 5500 image of E. esula site captured on 7 August 1999 in 
Madison County, Montana showing (a) within and between scene brightness gradients 
and (b) after processing with DIME1M color balancing software. Bands 4 (780-920 nm), 
3 (610-700 nm), and 2 (520-610 nm) are displayed as red, green, blue, respectively.

Background: Causes of Reflectance Anisotropy

Extracting quantitative information about land cover such as biophysical or structural 

characteristics, community composition, or taxonomic discrimination to the species level 

is an increasingly important objective of remote sensing (Graetz 1989). Interpreting 

features using spectral or structural information from reflected light, however, can be 

complicated by brightness gradients within image scenes that result from reflectance 

anisotropy. These illumination differences can result from several factors, including the 

interaction of illumination geometry (solar elevation and azimuth) and sensor geometry 

(view angle) (Royer et al. 1985), differential atmospheric scattering, exposure falloff,
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vignetting effects, and specular reflection (Lillesand and Kiefer 2000). Such brightness 

variations have potential to significantly mask the spectral variations between objects.

The intrinsic variability of directional reflectance from earth surfaces has been widely 

researched and documented (Irons et al. 1986, Walthall 1997). Bidirectional reflectance 

results from the interaction of two directions: one direction viewing and one direction 

illuminating the target (Norman et al. 1985). Further complicating matters, bidirectional 

reflectance is spectrally dependent, varies with the length of atmospheric path, and varies 

with cover type, thus making it difficult to model (Royer et al. 1985, Pickup et al. 1995).

The interaction of sensor and sun angle geometry causes significant brightness 

gradients in airborne digital imagery or in satellite imagery with large scan angles or side­

looking capability (Royer et al. 1985). For example, many sensors utilize scanners in 

which the sun-sensor geometry changes for each pixel scanned, thus compounding 

brightness gradients at wide look angles. As a result, many researchers have focused 

their efforts on developing methods for normalizing within-scene radiometric variability. 

Such methods include physically based bidirectional reflectance distribution function

(BRDF) models (Norman et al. 1985), empirically based corrections that model
'  ;

distortions (Royer et al. 1985, Pickup et al. 1995, Kennedy et al. 1997, Walthall 1997), 

and the use of band ratios (King 1991, Pickup et al. 1995, Qi et al. 1995).

Complex models that incorporate the physical parameters contributing to 

bidirectional reflectance, such as illumination and view angle geometry, wavelength, 

atmospheric attenuation, soil reflectance, vegetation type and density, leaf angle 

orientation, and canopy transmittance, have been developed (Norman et al. 1985, Irons et 

al. 1986). Such model parameters require intensive measurements and computations that
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are impractical or beyond the scope of many remote sensing objectives. Because of such 

research, some fundamental geometric properties of BRDF models have been 

successfully transferred to simplified empirical models (Norman et al. 1985, Royer et al. 

1985, Irons et al. 1986, Pons and Sole-Sugraines 1994, Walthall 1997). Some researchers 

have measured success of a correction model through marked visual improvement of the 

imagery and preservation of the between-band spectral shapes (Kennedy et al. 1997). 

Others, with classification of land cover as their main goal, have used improved 

classification accuracy as the final measure of correction success (Pons and Sole- 

Sugraines 1994).

The overall objective of this study was to classify ADAR 5500 imagery for two 

invasive species of rangeland weeds. Further, from a practical invasive plant 

management standpoint, the study was implemented to determine if methods utilizing 

remote sensing for mapping noxious weeds over large rangeland areas were operationally 

and logistically feasible. To streamline and maintain simplicity of image preprocessing, 

we did not attempt to model the bidirectional parameters contributing to image 

anisotropy. Rather, our immediate objective was to test the effect of color balancing on 

mitigating the brightness variations and how such an approach impacted the classification

accuracy.
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Methods

Imagery

The imagery was obtained using the ADAR 5500 sensor, an electronic imaging 

instrument that consists of four cameras with 20 mm lenses that are individually filtered 

to record reflectance over the ranges 460 -  550 nm, 520 -  610 nm, 610 -  700 nm, and 

780 -  920 nm. The four bands were coregistered by PSL The spatial resolution of the 

imagery was I m.

Study Sites

The imagery covered two sites in Madison County, Montana, each site approximately 

1,024 ha in area (Figure I). The first site was flown on 7 August 1999 from 10:45 am to 

11:06 am Mountain Daylight Time (MDT). Vegetation at this site consisted primarily of 

a mixture of rangeland grasses and shrubs with moderate invasion of Euphorbia esula L. 

(leafy spurge), a rhizomatous perennial introduced from Eurasia. The E. esula site was 

located at the southern end of the Highland Mountains and the predominant physiography 

consisted of dissected upland fans and terraces of the Big Hole River. E. esula primarily 

occupied drainage bottoms and surrounding hillsides and was distributed with native 

vegetation in low to high density patches of infestation. The landscape and land cover at 

the E. esula site was relatively uniform and homogeneous.

The second site was flown on 10 August 1999 from 10:55 am to 11:17 am MDT. 

Vegetation at this site was primarily mixed forest-rangeland with moderate invasion of
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Centaurea maculosa Lam. (spotted knapweed), a taprooted perennial also introduced 

from Eurasia. The C. maculosa site was located north of the Gravelly Range and the 

physiography consisted of upland hills and ridges and floodplains of perennial streams.

C. maculosa occurred throughout the site with no obvious pattern of distribution and 

mixed with native vegetation in low to high density patches of infestation. This area was 

heavily mined in the 1800s, and the landscape bore signs of mining disturbance such as 

roads, tailings piles, mineshafts, buildings, and equipment. The landscape and land cover 

at the C. maculosa site was more diverse than the E. esula site and consisted of greater 

topographic relief and mixed physiognomy of grasses, shrubs, and trees.

Image Processing

Imagery was georeferenced to digital orthophoto quadrangles (DOQ) and color 

balanced using PSTs proprietary DIME™ software. Two images were classified for each 

site: one image was georeferenced only, with no color balancing applied, and another 

image was georeferenced with color balancing applied. Images were classified with 

ERDAS Imagine software using a maximum likelihood (ML) classifier.

Reference samples of the target weed {E. esula or C. maculosa) and associated 

vegetation were field collected in August 1999 using Trimble GeoExplorer II Global 

Positioning System (GPS) receivers. The GPS field data were differentially corrected. 

The reference samples were split into two sets; (a) image reference spectra for the ML 

algorithm and (b) ground reference samples for the accuracy assessment. To obtain 

image reference spectra, image statistics were extracted using Imagine software for use in



68

the ML classifier. The classification scheme consisted of two classes: the target weed 

and associated vegetation. For each site, identical training and accuracy assessment 

polygons were used so that the differences in results were based solely on the result of 

color balancing.

Analysis

An accuracy assessment was performed in which the GPS ground reference polygons 

were compared to the image classification. Error matrices were created for the four 

classified images, and overall accuracy, producer’s accuracy, and user’s accuracy were 

calculated. In addition, a Kappa analysis was used to compute a Khat statistic and a 

variance of Khat The Khats were used in a two-tailed Z test to determine if there were 

statistically significant differences between the color balanced and non-color balanced 

error matrices. Differences in Khat values indicate differences in the level of agreement 

between classification and ground truth for two different classifications (Congalton and 

Green 1999).

The sample units used for the accuracy assessment were polygons. Because the 

strictest interpretation of correctly classified vegetation and weed polygons was 

unrealistic for a discrete thematic map (weed infestations were generally not 100% 

infested), fuzzy decision rules for determining whether a given reference polygon 

overlaid on the pixelized classification map was correctly classified followed incremental 

percentage thresholds. For example, in the strictest interpretation, or 0% threshold, no 

weed pixels would be allowed in the vegetation polygons in order to be correctly
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classified, while one weed pixel in a polygon of vegetation pixels would constitute 

correct classification for weed polygons. Accuracy thresholds were calculated at 5% 

increments. At the 50% threshold, a vegetation polygon was allowed 50% of total pixels 

to be weed pixels, while a weed polygon was required to have at least 50% weed pixels.

Results

Accuracy Assessment

Strict Decision Rule. Using the strictest interpretation of accuracy (0% threshold), at 

the E. esula site overall accuracy was 50% for both the color balanced and non-color 

balanced imagery (Table 5), and there was no significant difference between Khat values 

(p-value = 0.95). For the color balanced imagery, a Khat statistic of 0.14 was observed, 

a slightly higher accuracy than the non-color balanced imagery. These results indicated 

that there was not significantly better agreement between the classification and ground 

truth for the color balanced imagery than for the non-color balanced imagery. For both 

color balanced and non-color balanced imagery, the user’s accuracy for E. esula was 

41%. From a management perspective, user’s accuracy provides the most valuable 

information about the classification accuracy or effectiveness of the map because it 

indicates the proportion of E. esula pixels on the map at which a map user would actually 

find E. esula on the ground.
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Table 5. Summary measures from confusion matrices for classified maps of E. esula 
using the 0% threshold (strict) decision rule. Non-color balanced and color balanced 
classifications are compared.

N on-Color B alanced  Im agery  
0% Threshold

Color B alanced Im agery  
0% Threshold

% E . e su la  V e g e ta tio n % E . e su la V e g e ta tio n
U s e r ’s 41 82 U s e r ’s 41 83
P ro d u c e r ’s 90  27 P ro d u c e r ’s 9 0 28
O v e ra ll 5 0 O v e ra ll . 5 0
K h a t 0 .1 3 K h a t 0 .1 4

Similarly, using the strictest rules, an accuracy assessment for the C. maculosa site 

revealed slightly higher overall accuracy for the color balanced imagery (Table 6) but no 

statistically significant differences in the Khat values (p-value = 0.81). While the Khat 

value for the color balanced imagery was higher than the Khat value for the non-color 

balanced imagery, the user’s accuracy showed very little difference. Approximately 45% 

of either classified map’s pixels in truth would contain C. maculosa in the field.

Table 6. Summary measures from confusion matrices for classified maps of C. maculosa 
using the 0% threshold (strict) decision rule.

N on-Color B alanced Im agery  
0% Threshold

% C. m a c u lo s a V e g e ta tio n
U s e r ’s 4 4 60
P ro d u c e r ’s 91 10
O v e ra ll 4 6
K h a t 0 .01

Color B alanced Im agery  
0% Threshold

% C. m a c u lo s a V e g e ta tio n
U s e r ’s 45 73
P ro d u c e r ’s 9 4 13
O v e ra ll 48
K h a t 0 .0 6

30% Threshold Decision Rule. The error matrices for color balanced and non-color 

balanced classifications were also compared at 30% thresholds. At the 30% threshold, 

the Khat values were close to maximized, indicating best agreement between 

classification and reference. We acknowledged that by using the threshold approach an
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increasing level of misclassification within a polygon was accepted. The threshold rule 

results, however, are useful for management purposes because if accuracy levels are high 

a manager would not expect to find E. esula where resulting map showed less than 30% 

weed pixels. Using the maximized accuracy or best threshold would allow the manager 

to target areas most likely infested with the invasive plant.

At the E. esula site, Khat values at the 30% threshold improved over the strict 

decision rule for the color balanced and non-color balanced imagery (Table 7). Overall 

accuracy for the color balanced image and non-color balanced image was estimated to be 

74% and the Khats were not significantly different (p-value = 0.94). Similar to results 

from the strict decision rule, the Kihat statistic was slightly higher for the color balanced 

image, as was the user’s accuracy.

At the C. maculosa site, Khat values at the 30% threshold also improved over the 

strict decision rule for the color balanced and non-color balanced imagery (Table 8). In 

contrast to the E. esula site, however, the Khat decreased slightly with color balancing, 

though not significantly (p-value = 0.98). Overall accuracy was also slightly lower for 

the color balanced image and the user’s accuracy decreased by 4% from the non color- 

balanced image to the color balanced image.

Table 7. Summary measures from confusion matrices for classified maps of E. esula 
using the 30% threshold decision rule.

N on-Color B alanced  Im agery  
30% Threshold

Color B alanced Im agery  
30% Threshold

% E . e su la  V e g e ta tio n % E . e su la V e g e ta tio n

U s e r ’s 64  79 U s e r ’s 66 79
P ro d u c e r ’s 63 80 P r o d u c e r ’s 60 82
O v e ra ll 7 4 O v e ra ll 7 4
K h a t 0 .4 3 K h a t 0 .4 4
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Table 8. Summary measures from confusion matrices for classified maps of C. maculosa 
using the 30% threshold decision rule.

Non-C olor B alanced  Im agery  
30% T hreshold

% C. m a c u lo s a V e g e ta tio n
U s e r ’s .62 68
P r o d u c e r ’s 54 7 4
O v e ra ll 65
K h a t 0 .2 9

Color B alanced  Im agery  
30% Threshold

% C. m a c u lo s a V e g e ta tio n
U s e r ’s 58 71
P r o d u c e r ’s 68 61
O v e ra ll 64
K h a t 0 .2 8

Discussion

The goal of spectral classification is to discriminate between classes of interest based 

on how those classes reflect electromagnetic energy differently. Land cover classes can 

be a heterogeneous mix of community types such as mixed deciduous forest or a 

homogeneous group as when classifying to species level, but these unique classes are 

presumed to be separable from other scene components (Foody 1988). Spectral 

separability, however, is often masked by reflectance anisotropy, which is spatially 

dependent and increases the spectral variability of classes. Methods for mitigating this 

anisotropy include modeling sun-sensor-object geometry, which has been shown to 

preserve spectral shape (Kennedy et al. 1997), or band ratioing, which does not preserve 

spectral values. We determined that color balancing did not significantly improve or 

reduce classification accuracy.

While DIME™ color balancing visually provided improvement (Figure 5) and in 

most cases slight (non-significant) improvement in estimated classification accuracies, it 

did not provide statistically significant differences between classifications. One possible 

reason for no statistically significant difference was that the sample sizes (n = 133 for E.
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esula, n = 156 for.C. maculosa) were not of sufficient power to detect differences, 

although we do not know of a statistical power test of the Khat Z test. When pixels were 

used as the accuracy assessment sample unit,, increasing sample size one-hundredfold, 

significant differences were detected between error matrices for color balanced and non­

color balanced imagery, but the color balanced images were significantly less accurate. 

For this study, however, the pixel was not a biologically meaningful sampling unit; 

noxious weeds are distributed across the landscape in patches of varying density.

DIME™ color balancing is proprietary software that smoothes contrasts, minimizes 

brightness differences, and is promoted to create seamless mosaics. As such, color ■ 

balancing is mainly used for visual enhancement and should be approached cautiously for 

a more specific processing goal. The specific modeling techniques employed in DIME™ 

software are proprietary. In general, color balancing models brightness variations by 

attempting to fit a general trend through a surface of variation in digital number (DN).

DN values are transformed based on the type of surface fitted to the brightness variation. 

Physical, atmospheric, and topographic variables that might affect radiometric 

differences are not directly modeled. While offering visual improvement, color 

balancing might not preserve unique spectral features that contribute to class spectral 

separability. When applying color balancing, low amplitude spectral features might 

become entirely masked or the distance between means for classes with higher variances 

might become insignificant.

The training polygons used as image spectra represented natural infestation 

conditions and thus were not pure weed spectra. Polygons contained varying densities of 

the target weed mixed with other vegetation, surface litter, soil, substrate, and shade. The
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overlap between target weed and associated vegetation.clusters might have been 

increased with color balancing, resulting in greater class confusion.

DIME™ color balancing is a processing technique that can be readily applied to 

commercially available ADAR 5500 imagery. While visually improving reflectance 

anisotropy within mosaicked images, DIME™ also resulted in slightly higher estimated 

classification accuracies. A comparison of Khat values, however, showed there was no 

significant difference in classification accuracy between imagery that was color balanced 

with DIME™ and imagery that was not color balanced.
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CHAPTER 5 

SUMMARY

Two airborne digital imaging systems were examined to assess their practical utility 

in mapping two invasive rangeland species. Multispectral imagery (4-band) with spatial 

resolution of I m was classified with a ML algorithm, Hyperspectral imagery (128-band) 

with spatial resolution of 3 and 5 m was classified with CART analysis and a SAM 

algorithm.

Results of the multispectral ML classification indicated that both E. esula and C. 

maculosa had lower accuracies than intensive ground-based survey methods (Level I) 

developed by the Montana Noxious Weed Survey and Mapping System (MNWSMS) 

(Cooksey and Sheley 1998b). Overall accuracy for both sites were less than or equal to 

50% and user’s accuracies for E. esula and C. maculosa were less than 50%. Relaxing 

the accuracy assessment decision rules for classifying target weed or vegetation produced 

user’s accuracies up to 84% for E. esula and 69% for C. maculosa. Maps derived from 

the multispectral classification methodology applied in this study should be used to 

explore general areas most likely infested by target weeds and should not be used in a 

site-specific manner.

Results of the hyperspectral SAM classification indicated that both E. esula and C. 

maculosa had accuracies less than MNWSMS intensive ground-based survey methods. 

The SAM classification of C. maculosa was essentially no better than a random 

classification according to a Kappa analysis, and as a result, the accuracies were
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significantly lower than the hyperspectral CART system. The SAM classification 

methodology we applied does not provide accurate invasive plant infestation information.

Results of the hyperspectral CART classification indicated that both E. esula and C. 

maculosa maps achieved accuracies comparable to moderate MNWSMS ground-based 

mapping accuracy levels (Level II). Differences in user’s accuracy and in the resulting 

map indicate that the hyperspectral CART system produced substantially higher 

accuracies and more realistically represented infestation patterns. User’s accuracy for the 

hyperspectral CART system was 20% higher for E. esula and 29% higher for C. 

maculosa than the multispectral ML system.

Neither the multispectral nor the hyperspectral system was able to detect small 

outlying infestations with reliability, however, methodologies for mapping landscape-' 

scale areas were shown to provide accuracies similar to moderate MNWSMS levels 

achieved through ground-based mapping. The results of this study offer alternative 

methodologies for mapping extensive areas that, combined with more intensive ground- 

based mapping of local areas, can provide both generalized and specific infestation data 

at management scales.
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APPENDIX A

SPECTRAL ANGLE MAPPER (SAM) CLASSIFICATION OF HYPERSPECTRAL
IMAGERY

' h
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In addition to the CART analysis, we applied ENVTs SAM algorithm to the 

hyperspectral imagery. The results of the SAM classifications were compared to CART 

classifications for each site. In this case, sensor, spatial resolution, and spectral 

resolution were held constant while the classification algorithm varied. As a result, the 

Khats from the SAM and CART classifications were used in a two-tailed Z test to 

determine if there were statistically significant differences between the algorithms 

applied to the same imagery (Congalton and Green 1999). The sample variance of Kappa 

was computed using the Delta method (Congalton and Green 1999).

Image Processing and Analysis

Initially we applied SAM to a mosaicked scene without attempting to correct for 

scene illumination differences. One scene was distinctly brighter than the other four 

scenes and to mitigate the differences we simply dropped the disparate scene, creating a 

composite of the other four scenes and resampling to 5 m using the nearest neighbor 

function. Although modeling bidirectional reflectance and correcting illumination 

differences was beyond the scope of the project, we decided to test whether cross-track 

illumination correction (CTIC), a function incorporated into ENVI, would impact 

classification accuracies. We applied the CTIC to each of the four scenes before 

georeferencing. Before resampling we measured several transects within each scene to 

compute the nominal pixel size. Pixel size was less than 5 m, averaging approximately 

3.5 m. Therefore, we resampled the CTIC imagery to 3 m using the nearest neighbor
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function. We applied the SAM algorithm to the non-CTIC, 5 m imagery and the CTIC, 3 

m imagery.

SAM is a physically based process that plots spectra in n-dimensional space with n 

equal to the number of spectral bands (ENVI 1997). Unknown pixels were plotted as 

vectors in 128-dimensional space (all bands were used). The angle of an unknown 

vector, measured in radians, was compared to the angles of reference spectra, in our case 

image endmembers extracted from GPS data. SAM classified each unknown pixel based 

on the similarity of vector angle to the vector angle of reference spectra. Image 

endmembers were obtained from the GPS reference polygons. We used the software 

default of 0.1 radians to run the algorithm. Pixels beyond this angle were not considered 

similar to reference spectra and therefore not classified.

Results

Euphorbia esula

Using the strictest interpretation of accuracy for the SAM classified map, user’s 

accuracy for E. esula was 53%, user’s accuracy for vegetation was 73%, overall accuracy 

was 66%, and the Khat value was 0.26 (Table 9). The resulting map revealed that E. 

esula infestations were concentrated in drainages and nearby hillsides (Figure 6). As the 

thresholds became less stringent, there were slight increases until all accuracies peaked at 

the 50% threshold (Figure 7). At the 50% threshold, user’s accuracy for E. esula was 

58%, user’s accuracy for vegetation was 73%, overall accuracy was 68%, and the Khat
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statistic was 0.29. Thereafter, accuracies and Khat showed little to no change until a high 

enough percentage threshold was reached where all vegetation polygons were correctly 

classified, resulting in 100% user’s accuracy for E. esula. Comparing the Khat values of 

the SAM and CART error matrices resulted in no significant differences between 

classifications at any threshold (p-value = 0.62 at 0% threshold.

Table 9. Error matrix summary measures for (a) SAM classification of E. esula at 0% 
and 50% threshold decision rules, (b) Error matrix summary measures for Non-CTIC 
and CTIC SAM classification of C. maculosa at 0% threshold decision rule.

SAM: 0% Threshold
% E. esu la V egeta tion

U se r’s 53 73
P ro d u c e r’s 51 75
O verall 66
K h a t 0 .26

SAM: 50% Threshold
% E. esu la V egeta tion

U se r’s 58 73
P ro d u c e r’s 47 81
O verall 68
K h a t 0 .29

(a)

Non-CTIC SAM: 0% Threshold
% C. m a cu lo sa V egetation

U se r’s 38 43
P ro d u c e r’s 37 44
O verall 40
K h a t -0 .19

CTIC SAM: 0% Threshold
% C. m a cu lo sa V egetation

U se r’s 39 42
P ro d u ce r’s 43 38
O verall 40
K h a t -0 .19

(b)
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i
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0  I

(a) (b)

Figure 6. SAM classification of (a) E. esula overlaid on hyperspectral imagery and (b) 
non-CTIC SAM classification of C maculosa overlaid on hyperspectral imagery. Bands 
24 (784 ran), 16 (662 nm), and 9 (555 nm) are displayed as red, green, and blue.
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Figure 7. Accuracy assessment curves comparing incremental decision rules for (a) SAM 
hyperspectral classification of E. esula and (b) Non-CTIC SAM hyperspectral 
classification of C. maculosa.
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Centaurea maculosa

The SAM classification of C. maculosa was less accurate than the SAM classification 

of E. esula and was quite poor. Using the strictest interpretation of accuracy for the SAM 

classified map, user’s accuracy for C. maculosa was 38%, user’s accuracy for vegetation 

was 43%, overall accuracy was 40%, and the Khat value was -0.19 (Table 9). A Khat 

value less than 0 indicates the classification is essentially no better than a random 

classification (Cohen 1960, Congalton and Green 1999). The resulting map revealed 

overclassification of C. maculosa, with heavy infestations mapped throughout the study 

area (Figure 6). The SAM algorithm was unable to distinguish C. maculosa from 

vegetation with any reliability. Accuracies showed little improvement with less strict 

decision rules (Figure 7). Comparing Khat values of SAM and CART error matrices 

resulted in significant differences at all thresholds (p-value = 6.0001 at 0% threshold).

We classified the same imagery, but processed with ENVFs CTIC function to test if 

illumination correction improved accuracy. The accuracies of the CTIC SAM 

classification were slightly different from the non-CTIC classification (Table 9). There 

was not a statistical difference between CTIC and non-CTIC classifications (p-value =

0.99 at 0% threshold).
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Discussion

There was no statistical difference between Khats for hyperspectral imagery classified 

with SAM and hyperspectral imagery classified with CART for E. esula. Our results 

showed that for the given methodology, hyperspectral (SAM or CART) imagery 

produced statistically similar results, and a manager might base a choice of algorithm for 

mapping E. esula on cost or processing simplicity. SAM resulted in a 12% increase in 

weed user’s accuracy over the multispectral ML classification and was 8% less than the 

CART classification.

. SAM utilized training sample responses in all 128 spectral bands, plotting a vector 

through the response cloud that represented E. esula or vegetation training pixels. In 

using all spectral bands, the overlap between E. esula and vegetation responses might 

have decreased the angular difference between vectors, increasing the confusion between 

the classes.

For C. maculosa, the Khat statistics for the non-CTIC and the CTIC SAM 

classifications were significantly lower than the hyperspectral CART Khat statistic. 

However, both the hyperspectral SAM and the multispectral ML Khats were so low as to 

warrant the classifications unproductive. A Kappa coefficient of agreement for exactly 

chance agreement equals zero, with the upper limit of perfect agreement equal to I 

(Cohen 1960). Although a numerical lower limit for Kappa might be computed from the 

column and row marginals of an error matrix, a negative Kappa, or less than chance 

agreement is essentially disagreement, and the categorization “of no further practical 

interest” (Cohen 1960). The SAM algorithm for C. maculosa resulted in a random
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classification no better than expected from assigning pixels to categories by chance. 

Little practical information can be inferred from such a poor classification. There was 

little to no reliability of the C. maculosa locations derived from the SAM map, and using 

the methodology, we followed, the SAM algorithm is not recommended for mapping C. 

maculosa.

Established infestations of C. maculosa tend to outcompete native plants for limiting 

resources, and as a result, reduce understory and increase exposed bare soil (Herron et al. 

2001). If C. maculosa spectra appeared very similar to vegetation spectra, except 

brighter due to a higher soil component, SAM would plot the two targets in very similar 

spectral space, although the lengths would differ because of brightness differences. 

Increased soil exposure and reflectance resulting from C. maculosa invasion might have 

influenced the SAM algorithm.
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Positive Systems, Inc. (PSI) of Whitefish, MT, provided the high spatial resolution 

multispectral imagery. The E. esula site was flown on 7 August 1999 at approximately 

11 am Mountain Daylight Time (MDT). Twenty-eight individual scenes were imaged to 

cover the study sites. The C. maculosa site was flown on 10 August 1999 at 

approximately 11 am MDT. Forty individual scenes were imaged to cover the study 

sites. The low flying height resulted in a nominal spatial resolution of I m.

To obtain the imagery, PSI used the Airborne Data Acquisition and Registration 

(ADAR) 5500 system, an electronic imaging instrument composed of four Kodak DCS 

460 cameras each mounted with 20 mm lenses. Each digital camera used a 

photosensitive detector to record electromagnetic energy with a charge-coupled device 

(CCD) in an area array. Cameras were individually filtered to record reflectance over the 

ranges 460 -  550 nm, 520 -  610 nm, 610 -  700 nm, and 780 -  920 nm, centering on blue, 

green, red, and NIR portions of the spectrum, respectively. The CCD recorded intensity 

of reflected light in each filtered portion of the spectrum as brightness values quantized in 

8-bit format. The four bands were coregistered by PSI to produce one multispectral 

image per scene containing four spectral dimensions.

M ultispectral Im agery

Hvperspectral Imagery

Earth Search Sciences, Inc. (ESSI) of Kalispell, MT, provided the hyperspectral 

imagery. The E. esula and C. maculosa sites were both flown on 25 August 1999 from
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approximately 12 pm to 2 pm MDT. Six individual scenes were imaged to cover the E. 

esula study site and seven scenes were imaged to cover the C. maculosa site.

To obtain the hyperspectral imagery, ESSI used the Probe-1 sensor. The Probe-1 is a 

whiskbroom or across-track scanning instrument, imaging contiguous strips of ground in 

an along-track direction as the aircraft moves forward. The Probe-1 sensor consisted of 

four spectrometers that recorded incoming light in 128 bands in the VIS, NIR, and 

shortwave infrared (SWTR) portions of the spectrum. The bandwidth average for each 

spectrometer ranged from 12-16 nm, and these narrow channels produced a nearly 

continuous spectral range from 440 -  2507 nm. The brightness values are quantized in 

10-bit format.

ESSI specifies for Probe-1 an instantaneous field of view of 2.5 milliradians in the 

along track direction, which results in a ground resolution cell of 5 m when flying at an 

average height above ground level of 2500 m (Earth Search Sciences 2002). Spatial 

resolution varies with platform altitude and scan angle and decreases with lower flying 

heights and increases as the instrument looks away from nadir. When averaging pixel \

sizes, however, we consistently found cell sizes to be less than 5 m and closer to 3.5 m.
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APPENDIX C

ERROR MATRICES AND SUMMARY MEASURES
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Table 10. Error matrices for multispectral ML classification of (a) E. esula  at strict (0%) and
50% threshold decision rules and (b) C. m aculosa  at strict and 45% threshold decision rules.

0% Threshold
Classified Data Reference Data

Vegetation E. esula Row Total
Vegetation 24 5 29
E. esula 61 43 104
Column Total 85 48 133
Producer’s Accuracy User’s Accuracy
Vegetation = 24/85 = 28% Vegetation = 24/29 = 83%
E. esula = 43/48 = 90% E. esula = 43/104 = 41%
Overall Accuracy = (24+43)/133 = 50%
Khat = 0.14

50% Threshold
Classified Data Reference Data

Vegetation E. esula RowTotal
Vegetation 82 32 114
E. esula 3 16 19
Column Total 85 48 133
Producer’s Accuracy User’s Accuracy
Vegetation =82/85 = 96% Vegetation =82/114 = 72%
E. esula = 16/48 = 33% E. esula = 16/19 = 84%
Overall Accuracy = (82+16)/133 = 74%
Khat = 0.34

(a)

0% Threshold
Classified Data Reference Data

Vegetation C maculosa Row Total
Vegetation 11 4 15
C. maculosa 77 64 141
Column Total 88 68 156
Producer’s Accuracy User’s Accuracy
Vegetation = 11/88 = 13% Vegetation = 11/15 = 73%
C. maculosa = 64/68 = 94% C. maculosa = 64/141 = 45%
Overall Accuracy = (ll+64)/156 = 48%
Khat = 0.06

45% Threshold
Classified Data Reference Data

Vegetation C. maculosa RowTotal
Vegetation 73 35 108
C. maculosa 15 33 48
Column Total 88 68 156
Producer’s Accuracy User’s Accuracy
Vegetation = 73/88 = 83% Vegetation = 73/108 = 68%
C. maculosa = 33/68 = 49% C. maculosa = 33/48 = 69%
Overall Accuracy = (73+33)/156 = 68%
Khat = 0.33

(b)
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Table 11. Error matrices for hyperspectral CART classification of (a) E. esula  at strict and 50%
threshold decision rules and (b) C  m aculosa  at strict and 25% threshold decision rules.

CART 0% Threshold
Classified Data Reference Data

Vegetation E. esula Row Total
Vegetation 68 24 92
E. esula 15 23 38
Column Total 83 47 130
Producer’s Accuracy User’s Accuracy
Vegetation = 68/83 = 82% Vegetation = 68/92 = 74%
E. esula = 23/47 = 49% E. esula = 23/38 = 61% '
Overall Accuracy = (68+23)/130 = 70%
Khat = 0.32

CART 50% Threshold
Classified Data Reference Data

Vegetation E. esula Row Total
Vegetation 79 29 108
E. esula 4 18 22
Column Total 83 47 130
Producer’s Accuracy User’s Accuracy
Vegetation =79/83 = 95% Vegetation = 79/108 = 73%
E. esula - 18/47 = 38% E. esula = 18/22 =82%
Overall Accuracy = (79+18)/130 = 75%
Khat = 0.38

(a)

CART 0% Threshold
Classified Data Reference Data

Vegetation C. maculosa Row Total
Vegetation 64 40 104
C. maculosa 10 1 28 38
Column Total 74 68 142
Producer’s Accuracy User’s Accuracy
Vegetation = 64/74 = 86% Vegetation = 64/104 = 62%
C. maculosa = 28/68 =41% C. maculosa = 28/38 = 74%
Overall Accuracy = (64+28)/142 = 65%
Khat = 0.28

CART 25% Threshold
Classified Data Reference Data

Vegetation C. maculosa Row Total
Vegetation 70 43 113
C. maculosa 4 25 29
Column Total 74 68 142
Producer’s Accuracy User’s Accuracy
Vegetation = 64/74 = 95% Vegetation = 70/113 = 62%
C. maculosa =25/68 = 37% C. maculosa = 25/29 = 86%
Overall Accuracy = (70+25)/142 =67%
Khat = 0.32

(b)
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Table 12. Error matrices for hyperspectral SAM classification of (a) E. esu la  at strict and 50%
threshold decision rules and (b) C. m aculosa  at strict threshold decision rule.

SAM 0% Threshold
Classified Data Reference Data

Vegetation E. esula Row Total
Vegetation 62 23 85
E. esula 21 24 45
Column Total 83 47 130
Producer’s Accuracy User’s Accuracy
Vegetation = 62/83 = 75% Vegetation = 62/85 = 73%
E. esula = 24/47 = 51% E. esula = 24/45 = 53%
Overall Accuracy = (62+24)/130 = 66%
Khat = 0.26

SAM 50% Threshold
Classified Data Reference Data

Vegetation E. esula Row Total
Vegetation 67 25 92
E. esula 16 22 38
Column Total 83 47 130
Producer’s Accuracy User’s Accuracy
Vegetation = 67/83 = 81% Vegetation = 67/92 = 73%
E. esula' = 22/47 = 47% E. esula = 22/38 = 58%
Overall Accuracy = (67+22)/130 = 68%
Khat =0.29

(a)

SAM 0% Threshold
Classified Data Reference Data

Vegetation C. maculosa Row Total
Vegetation 31 41 72
C. maculosa 40 24 64
Column Total 71 65 136
Producer’s Accuracy User’s Accuracy
Vegetation = 31/71 = 44% Vegetation = 31/72 = 43%
C. maculosa = 24/65 = 37% C. maculosa = 24/64 = 38%
Overall Accuracy = (31+24)/136 = 40%
Khat= -0.19

(b)
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CLASSIFICATION AND REGRESSION TREE (CART) DIAGRAMS
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EXAMPLE MAP OF REFERENCE SAMPLE DISTRIBUTIONS
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Figure 10. Map of reference samples of target weed and associated vegetation for E. 
esula site overlaid on DOQ.
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