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Abstract Tueller, 1987; Pilon et al., 1988; Price et al., 1992). Accuracy 
~l/e used a nonparametric discriminant function in a super- in mapping vegetation classes is constrained in part because 
vised classification of. Landsat Thematic a P p e r  satelljte irn- standard statistical approaches used in image ~ r o c e s s i n ~  alga- 
agerp of a -240,000-ha semi-add region in the Snake River rithms assume that satellite and ground data have parmetric 

Plains, southwestern Idaho. First, agriculture pixels were distributions and linear or geometric relationships between 
classified b y  distance from the soil baseline and water pixels class membership and predictor variables. The problem be- 
b y  the thermal band value. Next, successive nonparametrjc Comes pronounced in large regions be- 
discriminant functions were used to separate grassland and cause of greater variation inherent in both spectral and ground 
shrubland categories with subsequent classifications of vege- data. 
talion within major classes. Accuracy i n  separating grass- Difficulty in classifying vegetation classes from satellite 
lands and shrublands was 80 percent and remained data is exacerbated in arid and semiarid regions because 

relative to different thresholds in minimum per- sparse vegetation contributes little to total radiation detected 

cent ground cover defining shrublands. within major grass- by satellite sensors (Graetz and Gentle, 1982; Huete and Jack- 
land and shrubland groups, we achieved 64 percent son, 1987; Tueller, 1987; Huete, 1988). In this paper, we 
accuracy in separating dominant vegetation classes. Distinc- present a method of supervised classification using a nOnpar- 
tion between density categories of vegetatjon based on per- ametric discriminant function. This method provided 80 per- 
cent ground cover was no t  possible i n  our study. cent accuracy in distinguishing between major shrublnon- 

shrub vegetation classes in a semiarid shrub-steppe region 
encompassing =240,000 ha. 

Introduction 
Analysis of satellite images is an important technique for as- Study Area 
sessing physical characteristics of the Earth (Goetz et al., The Snake River Birds of Prey National Conservation Area 
1983; American Institute of Biological Sciences, 1986; Lo, (116" W Long, 43" N Lat) includes =240,000 ha of semi-arid 
1986; ~il lesand and Kiefer, 1987; Roughgarden et a]., 1991). rangeland of mixed shrubs, grasslands, and agriculture in 
Because of this potential, we investigated remotely sensed Idaho, The terrain is relatively flat with the ex- 
data as part of a multi-faceted study to determine the effect ception of isolated buttes and the snake ~i~~~ canyon. Big 
of military training on habitats, prey, and raptors in the sagebrush (Artemisia tridentata) communities dominate in 
Snake River Birds of Prey National Conservation Area, south- the north, grading into saltshrub communities, including 
western Idaho. Designated a national conservation area in shadscale (*triplex confertjfolia) and winterfat (Ceratoides 
1994 (U.S. Public Law 103-64, 4 August 1994), the region lanata) in the south (Yensen and Smith, 1984). Smaller 
contains the highest density of nesting raptors in the world patches of bud sagebrush (Artemisia spinescens) and green 
(U.S. Dep. Inter., 1979), but multiple use management for rabbitbrush (Chrysothamnus viscidiflorus) are interspersed 
livestock grazing and military training, in addition to exten- throughout the study area. wildfires have burned over one- 
sive wildfires, prompted concerns for the stability of the eco- half of the native shrublands since 1980 ( ~ ~ ~ h ~ ~ t  and Pel- 
system. We wanted a classified map of rangeland habitats to lant, 1986). As a result, exotic annuals, especially cheatgrass 
describe landscape characteristics (e.g., Quattrochi and Pelle- ( B ~ ~ ~ ~ ~  tectorum) and ~~~~i~~ thistle (salsola iberica), are 
tier, 1991; ~ i l n e ,  1992; Simmons el al., 19921, to detect habi- rapidly increasing over large expanses. Livestock grazing and 
tat changes (e.g.9 Woodwell et 01.3 1984; Sin&, 1989; Fungi military training are primary land use activities (Kochert and 
1990; Hall et al., 1991a), and to develop wildlife-habitat Pellant, 1986). 
relationships (e.g., Hodgson et al., 1988; Shaw and Atkinson, Weather in the Snake River Birds of Prey National Con- 
1990; Knick and Rotenberry, 1995). servation Area is characterized by hot, dry summers and 

Attempts to map vegetation classes from satellite data in cold winters with distinct seasons of vegetation growth and 
vegetated regions often have limited success despite senescence. Maximum daily temperature averaged 30 to 36" 

widespread development and use of numerous statistical pro- c from june through ~~~~~t and 5 to go c during December 
cedures (e.g., Ustin et al., 1985; Milne, 1986; Wilson and and January at the Swan Falls weather station, located 
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within the study area; annual precipitation at this site aver- 
aged 26.9 cm. 

Methods 
We used a supervised method to classify satellite images into 
vegetation classes. Assumptions of supervised methods are 
that (1) a continuum of ground characteristics (e.g., percent 
ground cover of vegetation) meaningful to the study can be 
divided into discrete categories (e.g., vegetation classes), and 
(2) those categories can be mapped from satellite data. Be- 
cause we emphasize animal-habitat relationships in our re- 
search, we developed a classification to reflect vegetation 
characteristics that are correlated with animal behavior, 
abundance, and distribution. 

We used a per-pixel approach in this study. Vegetation 
sampling and classification were scaled relative to a TM pixel 
size, and image classification and error assessment were con- 
ducted on a per-pixel basis. 

Vegetation Sampling and Classification 
We developed the scheme for classifying vegetation from 
surveys of percent ground cover of vegetation at sampling 
sites. The vegetation classification consisted of major groups 
of grassland and shrubland vegetation (Table 1). Grass and 
shrub groups were further subdivided into individual classes 
defined by percent ground cover of dominant plant species. 
Russian thistle was the only annual forb used in our classifi- 
cation because of yearly fluctuations in other forbs. No major 
habitat disturbance, such as wildfires, altered our sampling 
sites during the study. 

We located sampling sites from randomly determined 
UTM coordinates without stratification throughout the entire 
study area from 1991 through 1994. Therefore, vegetation 
(with exceptions for agriculture and water) was sampled in 
proportion to availability in the study area (e.g., Card, 1982; 
Congalton, 1991). Our sampling protocol differed from tradi- 
tional rangeland sampling because sites were located ran- 
domly with respect to vegetation boundaries rather than 
situated completely within large homogeneous stands. 

Final coordinates of sampling sites were determined us- 
ing the Global Positioning System (GPS). We processed raw 
GPS data using differential correction and data averaging 
(2180 positions/location) with an accuracy estimated within 
6 m of the true location for these combined techniques (Au- 
gust et a]., 1994). 

We sampled percent ground cover of vegetation using 
five to seven consecutive 1-mz point frames (Floyd and An- 
derson, 1982) placed at seven to eleven random grid coordi- 
nates within a 100- by 400-m area. Each of the random grid 
points (scale of resolution for habitats) sampled a 25-m area 
to correspond to the pixel size of the satellite image. Number 
of frames needed to stabilize mean and variance of the most 
common vegetation species at sampling sites was determined 
from a running mean (Greig-Smith, 1983). All sampling sites 
then were classed into discrete vegetation classes from per- 
cent cover of the dominant vegetation (Table 1). Thus, each 
of the seven to eleven sample sites provided both vegetation 
information and a vegetation class for overlay on a pixel in 
the satellite images. 

Satellite Imagery 
We used Landsat Thematic Mapper (TM) satellite images 
taken in autumn (3 September 1990) and spring (30 March 
1991) to emphasize differences in vegetation phenology (e.g., 
spring vs. fall-blooming shrubs, green vs. senescent annuals) 
and potentially increase our ability to separate vegetation 
classes. Images were resampled to 25-m pixels from the orig- 
inal 27-m pixels, and we used all seven bands in each image 
for our analyses. We conducted a preliminary classification 

TABLE 1. HABITAT CATEGORIES USED I N  SUPERVISED CLASSIFICATION OF 
SATELLITE ~ M A G E R Y  FOR THE SNAKE RIVER BIRDS OF PREY NATIONAL 

CONSERVATION AREA I N  SOUTHWESTERN IDAHO.  THE CALIBRATION SET WAS USED 
TO DEVELOP THE SPECTRAL SIGNATURES FOR EACH VEGETATION CLASS AND THE 

VERIFICATION SET TO DETERMINE ACCURACY OF THE NONPARAMETRIC DISCRIMINANT 
CLASSIFICATION FUNCTION. 

Number in Sample 

Habitat Class Calibration Verification 

Grasslands (<5% shrub cover) 1,855 711 
Disturbance (Russian thistle) 

Low (<15% ground cover) 2 7 5 
Medium (15-35% ground cover) 192 5 8 
High (>35% ground cover) 66 1 7  

Grasslands 
Native grassland 183 73 
Cheatgrass grassland 328 143 
Low density grassland 1,059 415 

Shrublands (>5% shrub cover) 771 340 
High Density (>25% ground cover) 

Sagebrush 234 76 
Shadscale 26 7 
Winterfat 13 13 

Low Density (5-25% ground cover) 
Sagebrush 304 143 
Shadscale 76 3 2 
Winterfat 72 44 
Bud sagebrush 13  7 
Green rabbitbrush 3 3 13 

Total 2,626 1,051 

using subsets of the 14 bands and determined that inclusion 
of all bands gave the best results. Therefore, each ground site 
was characterized by 14 spectral bands. 

Each image was rectified to ground control points (Jen- 
sen, 1986). We assessed the accuracy of image rectification 
from comparison of GPS and image coordinates for locations 
of nine road intersections scattered throughout the study 
area. Difference between GPS and satellite image coordinates 
averaged 11.3 m (range 4.0 to 23.1 m) in the spring image 
and 13.9 m (range 6.4 to 21.2 m) in the fall image. Average 
difference between spring and fall images was 13.8 m (range 
2 to 30.8 m). We did not make radiometric corrections (e.g., 
Price, 1987; Slater, 1987; Hall et al., 1991b) because we 
wanted maximum potential variation in the predictor varia- 
bles that defined vegetation classes rather than constancy re- 
quired for change detection. Preliminary tests with a 
radiometric correction (Hall et al., 1991b) did not improve 
the results in our analyses. 

Image Classification 
We determined spectral signatures for each vegetation class 
from a subset of the sampling sites. Additional points were 
nonrandomly selected from the satellite images to define wa- 
ter (n = 10) and agriculture fields with green vegetation (n = 
10). 

We classified the satellite data into vegetation classes by 
a supervised method that included multiple steps: 

First, we identified green agriculture pixels by the distance of 
the residual from the diagonal baseline of bare ground in the 
TM band 413 ratio (Difference Vegetation Index, Weigand and 
Richardson 1982) in the fall image (residual >55) (Figure 1); 
Water then was classified from the thermal bands ( T M ~ )  in 
both images ( T M ~ :  <I17 in the spring image and <I40 in the 
fall image); 
Remaining unidentified pixels were subjected to an initial 
nonparametric discriminant function derived from a calibra- 
tion set to separate major grassland and shrubland categories; 
and 
Major shrub and grassland groups then were subjected to a 
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second nonparametric discriminant function to classify indi- 
vidual vegetation classes. 
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Statistical Methods 
We used discriminant function (Morrison, 1976) as the pri- 
mary statistic for classifying pixels in the satellite data. De- 
termination of class membership by parametric discriminant 
function is based on differences between class means in mul- 
tivariate space (Rao, 1973; Legendre and Legendre, 1983; 
Morrison, 1976). In contrast, nonparametric discriminant 
functions rank each unknown observation with every obser- 
vation in the calibration set rather than make comparisons to 
class means. The classification is determined by relative po- 
sition in multivariate space to nearest neighbors in the cali- 
bration set (Hand, 1982). A specified radius dictates the 
statistical distance for determining nearest neighbors and in- 
fluences the probability of class membership (Hand, 1982). 

We chose nonparametric discriminant functions to clas- 
sify the images because major vegetation groups as well as 
individual classes had large spectral variances associated 
with means (Figure 2) and skewed distributions (Figure 3). 
We also did not assume that vegetation classes were linearly 
related to the TM spectral predictor variables. By ranking, un- 
known observations were classified by their position relative 
to habitats that might be dispersed at several points in the 
spectral data space rather than represented by a single mean 
that collapsed the large spectral variation contained in our 
study area. 
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Fall TM Band 3 

Figure 1. Relationship of green agriculture and water to 
the soil baseline. Agriculture pixels were identified in the 
fall satellite image by a residual >55 from the regression 
of fall TM4/TM3. Solid points represent the values from 
sites used to develop to soil baseline. Mean and stan- 
dard deviations of other habitat classes also are shown 
and illustrate the difficulty in distinguishing vegetation 
classes from soil background in semi-arid regions. 
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Error Assessment and Interpretation 
Error assessment was based on random sampling of available 
vegetation classes and a per-pixel classification (Janssen and 
van der Wel, 1994). Error rates and assessment were deter- 
mined from a subset of the sampling data. We randomly allo- 
cated -70 percent of the sampling sites (n = 2,626) to a 
calibration set and used the remainder (n = 1,051) for the 
verification set. 

We examined misclassified observations to determine 

- 

- 

- 

the nature and frequency of errors (Congalton, 1991) from 
matrices of known and predicted classifications. The esti- 
mates of error rate were obtained by classifying the verifica- 
tion set of known vegetation classes using the discriminant 
function derived from the calibration set. Error rates were 
determined for each stage in the two-step classification pro- 
r A S S .  

- 

TM4 = -4.91 + 1.12 TM3 
a 9  ++** 

I I I I I I 1 

---- 
We examined percent shrub cover of misclassified obser- 

vations between shrubland and grassland groups to deter- 
mine potential sources of error. Our initial separation of 
these two main groups, based on 5 percent ground cover of 
shrubs, represented sparse shrub cover. Therefore, we arbi- 
trarily increased the minimum cover to 10, 15, and 20 per- 
cent for the separation of shrublands from grasslands to 
determine the effect on the error rate. Percent ground cover 
of shrubs and grasses was compared among the four cells of 
the error matrix by ANOVA using the Ryan-Einot-Gabriel- 
Welsch multiple range test on all main effect means (Proc 
GLM, SAS Statistical Institute, 1990). 

We assessed the nature, frequency, and magnitude of the 
errors in misclassified observations by fuzzy set analysis 
(Fisher and Pathirana, 1990; Gopal and Woodcock, 1994). Al- 
though standard error or confusion matrices permit assess- 
ment of the nature and frequency of errors (Card, 1982; 
Congalton, 1991), the magnitude of the error often can be a 
gradient between a simple binary outcome of a correct or in- 
correct classification. We used fuzzy set analysis because the 
magnitude of misclassification in our study varied between 
gross (misclassifications between shrubland and grassland 
sites), moderate (misclassification among categories within 
major shrub groups), and minor (misclassification between 

90 Grasslands 
Disturbance 

Low Density 

I 

0 Medium Density 
A High Density 

80 

I I Grasses 
r Native Grass - t A Cheatgrass 

I - J I 

73 V Low Density - 
c - 
O 

70 
I 40 50 80 

k 

m 
C 90 I .- 
L Shrublands 
a 
V, I High Density 

I I 

I B I Sagebrush 
v Shadscale 
A Winterfat 

& 

80 - I 

Low Density - L - 0 Sagebrush 
- - V Shadscale 

A Winterfat 
Bud Sage 

1'1 .. 
l' " ,  i 0 Rabbitbrush 

70 
40 50 60 

Spring TM Band 4 

Figure 2. Mean and standard deviation of habitats for TM 
4 and 1 in the spring Landsat TM image. 
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Figure 3. Distribution of grassland (open circles) and 
shrubland (closed circles) sites along axes of three Land- 
sat TM bands. 

density classes within vegetation classes) errors. We used a 
linear function for an acceptability level in interrelationships 
of map categories (Figure 4). 

We also developed a matrix of the mean classification 
probabilities (certainty) derived from the discriminant func- 
tions for each cell. When classified by the function, each ob- 
servation was assigned a probability of membership in each 
potential class based on location in multivariate space. Mis- 
classifications with high mean probabilities (certainty) indi- 
cated a low likelihood for separation of the classes by the 
discriminant function because the classes were highly similar 
in multivariate space. 

Our vegetation classification scheme represented a statis- 
tical separation of vegetation cover into discrete vegetation 
classes, but we recognized that all classes may not be dis- 
tinct in the image. Therefore, we examined the misclassifica- 
tions in  the test data to determine ground and satellite image 
characteristics that potentially warranted combining classes 
in our hierarchical scheme (Congalton, 1991). 
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Figure 4. Schematic of relationships between categories 
for development of the difference operator (Gopal and 
Woodcock, 1994) in the fuzzy set analysis. The differ- 
ence operators range from -2 (absolutely wrong) to +2 
(ideal classification). Values 21 represent acceptable 
classifications. 

We attempted to balance the tradeoff between what was 
biologically meaningful in our research to what the classifi- 
cation function could reliably separate in the satellite im- 
agery. For example, the entire region could be classed into 
one vegetation class, semi-arid rangeland, with 100 percent 
certainty in the image, but would have little use at our scale 
of interest in animal-habitat relationships. Our minimum re- 
quirement for an analysis of landscape characteristics of hab- 
itat use for passerine songbirds and blacktailed jackrabbits 
(Lepus californicus) was a separation into shrublnonshrub 
groups. 

Computer Hardware and Software 
We performed image processing and spatial analyses in Geo- 
graphical Resource Analysis Statistical System (GRASS) and 
ARCIINFO geographical information systems software. Statisti- 
cal analyses were conducted in SAS statistical software (ver. 
6.08; SAS Statistical Institute, 1990) on a PC-DOS 486133 and 
Sun SPARCstation 10 Model 41 workstation. 

Results 
Vegetation Sampling and Classification 
Our vegetation classification consisted of eight shrub and six 
grasslands classes and captured the dominant gradients of 
vegetation variation on the study area (Table 1). Low density 
grasslands dominated the grass group (57 percent of total 
grass sites), whereas sagebrush sites were the major vegeta- 
tion class in the shrub group (69 percent of total shrub sam- 
ples)(Table 1). 

Image Classification - Separation of Grass and Shrub Groups 
Agriculture and water were first classified, and those pixels 
were removed from the data. The accuracy of identifying 
these pixels was 10110 pixels for agriculture and 11/11 pix- 
els for water sites. 

Eighty percent (837/1,051) of the verification sites were 
correctly classed into grassland or shrubland groups (Table 
2). The classification function was biased evenly between 
groups (omission error rates: grasslands 2 1  percent; shrub- 
lands 18 percent). However, the map overrepresented shrub- 
lands (commission error rates: grasslands 10 percent; shrub- 
lands 35 percent). 

We examined percent ground cover of shrubs to deter- 
mine potential discrete categories of cover values. In the ab- 
sence of discrete boundaries in the field data (Figure 5), we 
initially used 25 percent ground cover of shrubs to define the 
boundary between grass and shrublands. The accuracy rate 
did not differ with changes in minimum cover threshold and 
was 79.3 percent for > l o  percent ground cover of shrubs, 
78.6 percent for >15 percent shrub cover, and 79.1 percent 
for >20 percent shrub cover. 

Sites misclassified between shrubland and grassland con- 
sistently were grouped in the boundary between categories 
regardless of the minimum percent cover defining the bound- 
ary (Table 3). Shrub sites misclassified into grasslands had 
significantly lower percent cover (P < 0.05) than shrub sites 
that were accurately classified. Similarly, grassland sites mis- 
classified as shrublands had significantly higher (P  < 0.05) 
percent cover of shrubs than accurately classified grasslands 
but significantly lower cover values (P < 0.05) than shrub 
sites misclassified as grasslands. 

lmage Classification - Separation of Vegetation Subcategories 
The classification accuracy of the grassland group into six 
categories was 53 percent (2951558) (Table 4). Low density 
grasslands had the fewest omission errors (39 percent; 1431 
369). All other classes were classed largely into the low den- 
sity grassland category. 
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TABLE 2. ERROR MATRIX FOR lNlTlAL SEPARATION OF VERIFICATION SITES INTO 
SHRUB AND GRASSLAND GROUPS BY A CLASSIFICATORY NONPARAMETRIC 

DISCRIMINANT FUNCTION. SHRUBLANDS HAD GREATER THAN 5 PERCENT MINIMUM 
SHRUB COVER. 

Known Habitat Class 
Mapped 

Habitat Class Grassland Shrubland Total 

Grassland 558 61 619 
Shrubland 153 279 432 
Total 711 340 1,051 

The classification accuracy of the shrubland group into 
eight categories was 50 percent (1391279) (Table 5). Misclas- 
sification between density categories within the same species 
accounted for 44 percent of the errors (621140). When vegeta- 
tion classes were combined within density classes, the accu- 
racy for identifying shrub classes was 72 percent (2021279). 

Fuzzy Set Analyses 
The difference measures represented extremes from com- 
pletely unacceptable errors of misclassifying between shrub- 
land and grassland (score <O; Figure 4) to ideal classifica- 
tions of a site into both class and density categories (score 
+2; Figure 4). Although only 41 percent of the map was 
ideally classified (Table 6), 64 percent accuracy was possible 
if we accepted correct classification into individual distur- 
bance, grass, and shrub classes without density categories 
(score 21). Our minimum acceptable classification - separa- 
tion into grass and shrub groups - was 80 percent. 

Grassland categories were not always discernible among 
individual classes but were reasonably distinct as a com- 
bined class with an overall average difference score of 0.80. 
Average difference scores for disturbance (0.27) and grass 
(0.86) classes were consistent with the examination of the er- 
ror matrix that the classification was most accurate for grass 
classes. 

Classification probabilities for grass categories again re- 
flected the high certainty with which the classification func- 
tion assigned all observations into the low density grass class 
(Table 7). For disturbance categories, the function had a 62 
to 96 percent probability, or high level of certainty, that the 
observation should be a grassland from the spectral data. 
Misclassifications with a low probability suggest that reana- 
lysis might develop separable criteria. However, the high 
probability for classification into a grassland category indi- 
cates that the satellite sees these categories as a single class. 

High density shrub sites were less likely to be misclassi- 
fied into grassland categories (13 percent), an unacceptable 
error (difference operator = -2), compared to the low den- 
sity shrubs (20 percent) (difference operator = -1) (Table 6). 
Bud sagebrush and green rabbitbrush had negative average 
difference scores and were more likely to be wrongly classed 
as grasslands. 

Sagebrush sites had a combined probability for both 
density categories of >93 percent for classification into either 

low or high density sagebrush categories and were the most 
certain of the shrub classes (Table 8). Shadscale and winter- 
fat categories were mixed among other classes. The discrimi- 
nant function was highly uncertain where to assign both bud 
sagebrush and green rabbitbrush. 
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Discussion 
We demonstrated that nonparametric statistical classification 
uroduced accurate results when classifving vegetation from 
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Figure 5. Frequency distribution of percent ground cover 
of shrubs from vegetation sampling sites in the Snake 
River Birds of Prey National Conservation Area (n = 
3,027 sites). 

than to establish a cp&titative rel;ionship, such as percent 
biomass, with spectral data. By using nonparametric statis- 
tics, we also avoided potentially incorrect assumptions about 
the distribution of data for variables defining vegetation clas- 
ses. Our accuracy in classifying vegetation classes by nonpar- 
metric methods is notable for semi-arid regions, which 
present unique difficulties (Graetz and Gentle, 1982; Huete 
and Jackson, 198 7; Tueller, 1987; Wilson and Tueller, 1987). 

We emphasize that our vegetation classification was de- 
veloped from vegetation sampling for analysis of animal-hab- 
itat relationships. Using a supervised method, we then 
determined the accuracy with which satellite data could map 
those vegetation classes. We could expect 80 percent accu- 
racy in separating grass and shrub groups, our minimum ac- 
ceptable classification. 

TABLE 3. AVERAGE PERCENT GROUND COVER OF SHRUBS AMONG CELLS OF THE SHRUB-GRASS CLASSIFICATION MATRIX. CELLS WITH DIFFERENT LElTERS WITHIN 

MINIMUM COVER GROUPS ARE SIGNIFICANTLY DIFFERENT (P < 0.05). 

Minimum Cover Separating Shrub-Grassland 

Habitat Class >5% Shrub >lo% Shrub >15% Shrub >20% Shrub 

Known Mapped % Cover n % Cover n % Cover n % Cover n 

Shrub Shrub 22.6" 273 25.2" 217 28.8" 161 33.7" 111 
Shrub Grass 16.gb 60 22.3b 56 26.3b 48 28.6b 43 
Grass Shrub l.lC 155 2.7C 161 5.4" 177 8.1" 177 
Grass Grass 0.1" 563 0.4d 617 O.gd 665 1.5d 720 
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Known Habitat Class 

Disturbance Grasses 

Mapped Habitat Class Low Med. High Native Low Cheatgrass Total 

Disturbance 
Low 0 0 0 0 0 0 0 
Medium 0 15 1 2 3 1 9 58 
High 0 3 1 0 4 1 9 

Grasses 
Native 0 3 0 7 2 5 2 3 7 
Low Density 4 25 14 47 226 53 369 
Cheatgrass 1 2 0 3 3 3 46 89 

Total 5 48 16 59 319 111 558 

TABLE 5. ERROR MATRIX FOR SEPARAT~ON OF SHRUBLAND VERIFICATION SITES INTO EIGHT SHRUBLAND CATEGORIES BY A CLASS~RCATORY 
NONPARAMETRIC DISCRIMINANT FUNCTION. 

Known Habitat Class 

High Density Low Density 
Mapped 

Habitat Class Sagebrush Shadscale Winterfat Sagebrush Shadscale Winterfat Bud sage Rabbitbrush Total 

High Density 
Sagebrush 
Shadscale 
Winterfat 

Low Density 
Sagebrush 
Shadscale 
Winterfat 
Bud sage 
Rabbitbrush 

Total 

TABLE 6. SCORES OF THE DIFFERENCE OPERATOR (GOPAL AND WOODCOCK, 1994) FOR VERIFICATION SITES CLASSED BY SATELLITE IMAGERY. SCORES REPRESENT 
EXTREMES IN BOTH ACCURACY AND OUR ACCEPTABLE CLASSIFICATION (FIGURE 4). 

Unacceptable t, Acceptable 
- 

Habitat Class -2 -1 0 1 2 x 

Grasslands 
Disturbance 

Low 
Medium 
High 

Grasses 
Native 
Low density 
Cheatgrass 

Shrublands 0.80 
High Density 0.95 

Sagebrush 10 0 0 28 38 1.11 76 
Shadscale 1 0 1 5 0 0.43 7 
Winterfat 1 0 6 6 0 0.31 13 

Low Density 0.74 
Sagebrush 0 36 9 29 74 0.95 148 
Shadscale 0 6 14 0 14 0.56 32 
Winterfat 0 3 27 0 14 0.57 44 
Bud sage 0 1 6 0 0 -0.14 7 
Rabbitbrush 0 3 9 0 2 -0.08 13 

Total 45 169 168 235 435 0.80 1,051 

We obtained 64 percent accuracy in defining five catego- aration into density classes of vegetation was not possible us- 
ries (disturbance, grassland, sagebrush, shadscale, and win- ing this function. 
terfat) plus agriculture and water. The difference measures We used a hierarchical vegetation classification (Congal- 
and the probability of classification indicate that further sep- ton, 1991) and could combine categories to obtain a higher 
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TABLE 7. GRASS CLASSIFICATION PROBABILITIES FROM CLASSIFICATORY Administrative assistance was provided by S. Coloff, M. Ko- 
DISCRIMINANT FUNCTIONS. chert, and M. Fuller. We were assisted with satellite image 

Known Habitat Class technology by A. Morse and W. Kramber, Idaho Dep, of Wa- 
ter Resources. We appreciate field assistance by J. Cavaille, J. 

Disturbance Grasses DiGregoria, D. Dyer, D. Dyer, R. Lara, B. Marek, G. Mattson, 
Mapped Category Low Medium High Native LOW Cheatgrass S. Mech, J. Small, D. Thompson, M.  witche ell, and L. ~ i l -  

liams. Boise State University and the National Biological Ser- 
Disturbance vice ~rovided technical s u i ~ o r t .  The manuscri~t benefited 

Low 
Medium 
High 

Grasses 

0.00 0.04 0.00 0.00 0.00 0.00 by r&iews from A. Morse ynd W. Kramber. A 

0.04 0.31 0.12 0.05 0.11 0.08 
0.00 0.07 0.04 0.00 0.01 0.01 

References 
Native 0.02 0.07 0.00 0.14 0.08 0.03 
Low density 0.62 0.49 0.80 0.75 0.68 0.48 American Institute of Biological Sciences, 1986. Ecology from Space, 
Cheatgrass 0.32 0.06 0.04 0.05 0.11 0.40 BioScience, 36(7). 

n 5 58 17 73 415 143 August, P., 1. Michaud, C. Labash, and C. Smith, 1994. GPS for envi- 
-ronme&al applications: Accuracy and precision of locational 

data, Photogrammetric Engineering b Remote Sensing, 60:4145. 

accuracy rate. For example, low and high density distur- 
bance had the lowest average difference scores and could be 
combined to create one disturbance category, or combined 
with grass categories and deleted from the classification as a 
separate vegetation class. 

Our sampling methods likely contributed to conservative 
estimates of map accuracy. We sampled points that were ran- 
domly positioned and included both pure and mixed pixels 
(Irons et al., 1985), instead of sampling only pure stands of 
homogeneous vegetation. As a result, many of our points 
were located on habitat boundaries in a heterogeneous and 
fragmented region (Knick and Rotenberry, 1995) where spec- 
tral properties from mixed habitats contribute to the signa- 
ture of the pixel (Irons et al., 1985; Fisher and Pathirana, 
1990). 

Errors also were inherent in classifying discrete classes 
from a continuous vegetation gradient. ~ r r o r s  were consis- 
tently in the boundary regions of density classes of individ- 
ual vegetation classes as well as between grassland and 
s h r u b h d  groups. That error rate was conusistent, regardless 
of minimum Dercent cover of shrubs in definine the discrete 
boundary be&een grass and shrublands. Limitgto the preci- 
sion of both field and satellite classification suggest that im- 
provement was unlikely. Nonetheless, by collapsing catego- 
ries, we could achieve an acceptable accuracy for our studies 
by using nonparametric statistics as a classification tech- 
nique. 
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