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Abstract 
Color infrared photography and airborne ATLAS images were 
utilized to develop a vegetation map and a supervised land- 
cover classification for the Blue Canyon reach of Moenkopi 
Wash on the Hopi Reservation, Arizona. An orthophoto mosaic 
was produced, enabling photointerpretation of riparian vege- 
tation within the study area. Polygons representing homogene- 
ous vegetation patches were delineated using stereo pairs and 
ground verification techniques. Vegetation transects measured 
percent cover and species composition. The Spence-Romme- 
Floyd-Rowlands vegetation classification scheme served as a 
framework to map the vegetation. Image processing techniques 
such as Tasseled Cap transformations and image masking 
were used in an attempt to minimize soil noise from the ATLAS 
images prior to classification. Land-cover classification ac- 
curacy for the pilot study area was 40 percent. TNDW and 
MSAVI2 vegetation indices were evaluated for their ability to 
indicate vegetation extent and relative plant vigor. 

Introduction 
The Blue Canyon (Talastima) Restoration and Monitoring Pilot 
Project was a research effort funded by the Arizona Water Pro- 
tection Fund (AWPF) to examine the affects of eradicatine Tama- 
risk (Salt ~ e d a f )  in ~ o e n k o ~ i  Wash on the Hopi ~eservGion in 
north-central Arizona. Tamarisk is an exotic shrub which dis- 
rupts riparian ecosystems by competing against native plant 
species. Soil nutrients and water resources are consumed at an 
alarming rate by tamarisk. Current base-flow discharge of 
Moenkopi Wash in the pilot study area has steadily declined in 
the last ten years and this may in part be due to tamarisk growth 
(Bohnenstiehl, personal communication, 1999). 

Both traditional photointerpretation and contemporary 
digital image processing techniques were employed in this 
application. Blue Canyon lies in north-central Arizona within 
the northwestern part of the Hopi Indian Reservation (Figure 1). 
The Blue Canyon Pilot Project area stretches approximately 4 
krn along Moenkopi Wash beginning 2 km upstream of BIA 
Route 7 and ending downstream approximately 1 km below the 
Water Caves area. The vegetation mapping effort was focused 
on this riparian area. 

Additional digital image processing tasks were performed 
on images covering a broader area between the confluence of 
Begashibito Canyon and Moenkopi Wash, and the northeastern 
reaches of Moenkopi Wash (Figure 2.) All images and other 
spatial data developed for this project were projected in the 
Universal Transverse Mercator Projection, Zone 12 North, and 
have the WGS84 Datum and Spheroid. 

Pinnacle Mapping Technologies, P. 0. Box 973, Flagstaff, AZ 
86002-0973 (rob@pinnaclemaps.com; glenn@pinnaclemaps. 
com). 

On 17 July 1998 the NASA-Stennis Leajet 23 platform 
simultaneously acquired the color infrared (CIR) aerial photog- 
raphy and digital imagery used in this study. The Airborne Ter- 
restrial Applications Sensor (ATLAS) collected 14 distinct 
channels or bands of electromagnetic radiation in the form of 
visible, reflected, and emitted energy at a spatial resolution of 
2.5 meters (Table 1). The 9-by %inch color infrared aerial pho- 
tos were acquired at a scale of 1:8,600. 

ObJectiVes 
This paper focuses on establishing a baseline vegetation inven- 
tory and map, which would permit long term vegetation moni- 
toring of the pilot study area. In addition, remotely sensed 
digital images were assessed for evaluating riparian vegetation 
vigor and spatial extent. Assessing vegetation biomass requires 
multispectral images to be spectrally calibrated. However, 
when the airborne images were acquired, the ATLAS sensor cali- 
bration lamps were inactive; thus, the images were not cali- 
brated. The lack of calibration data prohibited accurate biomass 
and Leaf Area Index (LAI) calculations to be carried out. The 
first phase of mapping the riparian vegetation using photo- 
interpretation techniques within the study area involved pre- 
paring an ortho-rectified, georeferenced image base. 

Softcopy Photogrammetry 
Prior to mapping the vegetation within the Blue Canyon pilot 
study area, an orthophoto mosaic was produced (Figure 3). The 

orthophoto is the ideal medium to map vegetation. In this 
application five 1:8,600-scale CIR aerial photos were orthorec- 
tified using ERDAS OrthoMA~, softcopy photogrammetric U r n -  
software tools and then stitched together into one contiguous 
image mosaic, hereafter referred to as the orthomosaic. The 
resulting ground cell distance represented by a single pixel in 
the orthomosaic was 18 by 18 cm and the root-mean-square 
(RMS) error was 0.6 pixels. In addition, a digital elevation 
model (DEM) of the same coverage area as the orthomosaic was 
also produced. This three-dimensional ( 3 ~ )  terrain model will 
enable 3D visualization of the images draped over the DEM and 
will also be used in a hydrologic model the of the pilot area in 
another study. 

Vegetation Ciassiflcation Scheme 
The vegetation classification scheme adopted for this project is 
the Spence, Romme, Floyd, Rowlands (SRFR) classification, 
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Figure 1. Blue Canyon pilot project 
study area. 
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Figure 2. Moenkopi Wash, Hopi Indian Reservation, north- 
central Arizona. 

TABLE 1. ATLAS SENSOR BANDWIDTHS EXPRESSED I N  MICROMETERS 

version 2.0 (Spence, unpublished report, 1997). This scheme 
incorporates the antiquated Brown, Lowe, and Pase scheme, 
yet it is specifically adapted to the Colorado Plateau physio- 
graphic province (Brown, 1982). The SRFR scheme recognizes 
floristic provinces into which vegetation is subdivided. The 
hierarchical structure of the SRFR system follows the letter 
association ABCDEEGHIJand is noted below: 

A = Biogeographic realm 
B = Floristic Province 
C = Climate-elevation zone 

EF = Plant Formation 
GH = Series (first two numbers right of the decimal) 

IJ = Association 

The SRFR vegetation classification scheme is an important 
component of thYe mapping process. The scheme p r ~ ~ i a e s  a 
framework for the polygons of the vegetation map to be orga- 
nized and illustrated as a baseline inventory map, which is fun- 
damental to future monitoring efforts. consistent use of the 
scheme permits GIS analyses using the vegetation map in con- 
junction with other landscape characteristics such as topogra- 
phy, slope, aspect, and other co-registered GIS data sets. The 
hierarchical framework of the SRFR scheme enables the mapped 
results to be presented at different levels of the classification 
hierarchy. Later In the image processing phase of this study, the 
vegetation map was displayed at the "Formation" hierarchy 
level and subsequently used as ground verification information 
for digital land-cover classification of the multispectral ATLAS 
imagery. The Land-Cover Classification process is described 
later in this document. 

Band 
Wavelength in 
Micrometers 

0.45-0.52 
0.52-0.60 
0.60-0.63 
0.63-0.69 
0.69-0.76 
0.76-0.90 
1.55-1.75 
2.08-2.35 
Removed 
8.20-8.60 
8.60-9.0 
9.0-9.4 
9.6-10.2 
10.2-11.2 
11.2-12.2 
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Figure 3. Color infrared (CIR) pilot project orthophoto. 

lnltlal Reld Vislt 
To aid the photointerpretation and mapping process, the study 
site was visited prior to mapping to explore first hand what the 
environment was like. By observing the local terrain, as well as 
vegetation species composition, height, and density, the inter- 
preter can familiarize one self with the local environment, 
which is beneficial when back in the laboratory trying to recall 
the setting and landscape scale. 

Mapplng Extent 
The geographic extent to which vegetation within the pilot 
study area was mapped was based on natural breaks in the ter- 
rain. As is common in many semiarid environments, ephem- 
eral stream channels like Moenkopi Wash meander back and 
forth across flood plains, which have eroded through unconsol- 
idated alluvial terraces. In the study area, the edges of these ter- 
races often create natural breaks between xerophytic and 
phreatophytic vegetation types. From below the edge of the 

180 February 2001 - PHOTOGRAMMETRIC ENGINEERING 81 REMOTE SENSING 



upper terraces down to the stream channel lies the riparian cor- 
ridor. Vegetation mapping efforts were focused on this zone. 

Photointerpretation and Mapping 
The mapping threshold or minimum mapping unit (M) was 
a circle having an approximate diameter of one meter, based on 
the resolving ability permitted by the aerial photography. 
Therefore, clumps of vegetation smaller than the MMU were 
consolidated into larger polygons. The primary techniques 
used to map the riparian vegetation of the study area include 

Visual photointerpretation, 
On-screen digitizing of vegetation polygons, 
Field verification of each vegetation polygon, 
Further editing of vegetation polygons based on field observa- 
tions, and 
Attributing the species and SRFR code with its' associated 
polygon. 

A mirror stereoscope was placed on a large light table with 
stereopairs of sequential ~ I R  photo diapositives. Adjacent to the 
stereoscope was a 20-inch (500-mm) computer monitor and PC. 
Using ARCVIEW software, the orthomosaic was displayed on the 
monitor and homogeneous patches of vegetation were deline- 
ated as polygons with the on-screen drawing tools. Areas of con- 
fusion were reviewed using the stereoscope's ability to show the 
scene in 3D; permitting clarification of most woody vegetation 
types. Each polygon was labeled in the A R ~  GIs table. Next, 
24-inch (600-mm) square orthophoto printouts overlaid with 
preliminary vegetation polygons were taken into the field, 
allowing on-site verification and editing. These plots were then 
returned to the computer laboratory and the modified polygons 
were applied to the GIs vegetation map. In addition, the SRFR 
vegetation classification scheme code was also tagged to each 
vegetation polygon. Following the on screen polygon delinea- 
tion, subsequent field re-verification of the interpreted polygons 
was carried out. Errors or changes in the vegetation map were 
redrawn in the field and then applied to the digital version in the 
computer laboratory. The vegetation map is presented here at 
both the Series (Plate la) and Formation (Plate lb) levels of the 
SRFR vegetation classification scheme. While in the field, line- 
intercept vegetation transects were conducted within several 
different plant communities to identify the species present and 
determine the percentage of vegetation cover. These data were 
entered into spreadsheet format. 

In addition, these measurements were later used to evalu- 
ate vegetation Indices developed for the image processing 
phase of this study. Using the GIS, areas for each plant commu- 
nity at the series and formation level were calculated and are 
provided below in Tables 2 and 3. The next part of the project 
involved digital image analysis of the airborne ATLAS multi- 
spectral imagery. 

lmage Processing Pilot Study, Water Caves Area 
The second objective of this study involved analyzing the 
multispectral imagery to develop a general land-cover classifi- 
cation map for the pilot study area, as well as an initial assess- 
ment of riparian vegetation distribution or extent, and relative 
plant vigor. As mentioned above, quantitative assessment of 
plant biomass was not possible due to the lack of spectrally cali- 
brated imagery. 

The image processing steps for the pilot study area include 
image preprocessing and digital land-cover classification. In 
order for the imagery to be analyzed, the data must first be recti- 
fied to remove geometric distortions inherent in the image, and 
then be georeferenced to a standard map projection. 

Dlgital lmage Preprocessing 
Rectification of the images involved a technique called image 
matching. Because the orthorectified photomosaic already 

exists, it was also used to rectify the ATLAS image subset cov- 
ering the pilot study area near the "Water Caves." Using the 
ERDAS Imagine image processing software, more than 80 ground 
control points (GCPS) were selected from the orthomosiac and 
paired with their uncorrected, corresponding points in the raw 
ATLAS image. Next, a third-order, non-linear polynomial trans- 
formation was applied to the image, resulting in a rectified 
image. The calculated RMS error was 1.1 pixels. Dramatic 
changes in topographic relief found within the Water Caves 
area presented difficulty in getting the RMS error below 1.1 pix- 
els without spending a significant amount of additional pro- 
cessing time. Next, the image was georeferenced to the same 
UTM Zone 12 projection as the orthomosaic. As a result, the GPS 
vegetation transects, orthomosaic, and vegetation map were co- 
registered to one another. This benefit was fully realized when 
manipulating the data layers within the GIS. 

Feature selection plays an important role in choosing the 
right band combinations used in land-cover classification. Com- 
binations of several bands, including the red, near infrared (NIR),  
shortwave in£cared (SWIR), thermal infrared, and principal com- 
ponents, were viewed against one another seeking spectral sepa- 
ration. Spectral band separation was greatest using the ATLAS 
bands 4,6,7, and 8 (red, m, S ~ I R I ,  and s m ) ,  respectively. 

Land-cover classification in arid or semiarid environments 
is often confounded by soil brightness (Ray, 1997). Thus, a stra- 
tified approach to land-cover classification was implemented. 
By separating specific components of the imagery using addi- 
tional strata or data layers, improved classification results may 
be achieved (Hutchinson, 1982). In an effort to reduce confu- 
sion of the image classification algorithm, the Tasseled Cap 
Transformation (T-cap) was used to isolate the "Green" compo- 
nent of the image subset. The T-cap is often used in vegetation 
analyses by converting image brightness information from each 
band in an image to another, totally different image. Because 
most imagery contains redundancy, the data can be de-corre- 
lated into new, unique bands of information. The Tasseled Cap 
Transformation separates an image into bands representing 
scene brightness, greenness, wetness, haze, and two bands of 
miscellaneous information (Campbell, 1987). The brightness 
band is a weighted sum of all bands and, as a result, is highly 
correlated with soil reflectance. The greenness band is strongly 
correlated with the amount of green vegetation in the scene. 
Vegetation canopy and soil moisture is often found in the wet- 
ness band (Figure 4). In this application, the "green" compo- 
nent of the image was calculated and separated from the T-cap 
image for use as an image mask. 

Next, the T-cap greenness band was further subdivided 
using an unsupervised classification algorithm. This tech- 
nique clusters pixels in the "greenness" image into distinct 
"greenness" classes. By overlaying the greenness image over 
the high resolution orthomosaic, a greenness threshold class 
was visually determined and the image was recoded into a 
three-class greenness image representing (1) background pix- 
els, (2) non-vegetated areas, and (3) vegetated areas. 

Once again, the purpose of creating this greenness layer is 
to mask out and eliminate portions of the original image which 
contain bright soil or rock. These areas may confuse the image 
classification algorithm and they are not of interest when 
attempting to classify riparian vegetation areas. "Bare soil" is a 
separate, unique land-cover class. Using the image masking 
tools in ERDAS Imagine, the resulting masked image contained 
areas of vegetation without extensive, bright, bare soil areas. 

The next step in the image sbatification process involved 
further isolating the image study area by clipping it to the 
extent of the vegetation map developed. By converting the veg- 
etation GIS map into a raster grid, it was used to clip out the 
image so that the vegetation map and the unclassified image 
would share the same geographic extent. This step enabled a 
direct comparison between the vegetation map, which was 
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Plate 1. (a) Series level vegetation map derived from photointerpretation. (b) Farma- 
tion level vegetation map derived from photointerpretation. 

TABLE 2. VEGETAT~ON SERIES AREAS ?H HECTARES. 

Vegetation Series Polygon Count Hectares 

Artemisia dracunculus 3 0.073 
Clrtemisia tridentata 11 1.096 
Atriplex canescens 4 0.071 
Bare Ground 18 0.153 
Bromus tedorum 3 0.006 
Chrysothamnus nauseosus 51 1.744 
Elaeagnus angustifolia 4 0.01 
Gutieuezia sarothroe 8 0.40 
Oenothera spp. 1 0.003 
Phragmites austrdus 6 0.08 
Populus fremon fii 52 0.32 
Salix exigua 102 7.662 
Solix gooddingii 7 0.147 
Salix lnevigata 1 0.007 
Sareobatus vermiculatus 4 0.024 
Scirpus pungens 14 0.098 
Senecto spartoides 1 0.024 
Tamarix ramosissima 237 13.94 
lfrpho domingensis 2 0.025 
Shadow 3 0.418 

used as the ground verification layer, and the results of the 
image classification, An accuracy assessment is discussed later 
in this paper. 

SRFR 
Code Count Hectares 

0.145 
1.607 
0.479 
1.69 
21.6 
0.082 
0.123 
0.255 
0.42 

SRFR Description 

Out of mapping area 
MontanelEvergceen Shrubland 
Cold-Deciduous Woodland 
SubmontanelEvergreen Shrubland 
Cold-Deciduous Shrubland 
Grassland 
Marshland 
Bare Ground 
Shadow 

Thematic Information Extraction 
The purpose of digital land-cover classification is to link the 
spectral characteristics of the image to a meaningful information 
class value, which can be displayed as a map so that resource 
managers or scientists can evaluate the landscape in an accurate 
and cost-effective manner. In this study a supervised classifica- 
tion approach was used. Supervised classification requires that 
a priori knowledge or information be used to train the feature rec- 
ognition/classification s o h a r e  program. The vegetation map was 
used as the a priori or ground verification data layer in this study. 
An accuracy assessment was not performed on the vegetation 
map because each polvgon was field checked for accuracy. Digital 
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Blue Canyon Pilot Project T-Cap Transformation 
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Figure 4. Tasseledcap (Tcap) band 2 "greeness" image of 
pilot study area. Dense, healthy riparian vegetation appears 
as  bright tones. 

Mean Signature Values for Five Selected 

ATLAS Bands 4,6,7,8 [shown as 13,3,4) 

Figure 5. Displaying spectral signatures against one 
another to evaluate spectral separability. 

land-cover classification, like vegetation classification, also 
requires an established scheme so that the mapped results can be 
organized into useful information. used in the classification process to classify "bare soil" sepa- 

rately, and all bare soil pixels were later combined into the 

LandCover Classification Scheme 
Within the narrow riparian corridor of the Blue Canyon area, it 
is improbable that specific plant species can be differentiated 
using the 2.5-meter spatial resolution ATLAS imagery. Thus, a 
practical approach to linking the spectral characteristics of 
riparian vegetation to a meaningful land-cover map involved 
using the SRFR vegetation scheme at the Formation level which 
is more coarse than the Series level in the hierarchy. This level 
is essentially a life-form or physiognornic representation of the 
vegetation with additional characteristics such as leaf duration, 
height, and growth (Rowlands et al., 1994). The Formation 
classes of vegetation used in the digital land-cover classifica- 
tion are (1) Grassland, (2) Marshland, (3) Cold-Deciduous 
Woodland, (4) Cold-Deciduous Shrubland, and (5) Evergreen 
Shrubland. Additional classes chosen for the study area 
include (6) Bare Ground (BG), (7) Shadow, and (8) an "Unclassi- 
fied" category which represents background or thresholded 
pixels. Prior to conducting a supervised land-cover classifica- 
tion, areas within the image which contained representative, 
semi-homogeneous land-cover types were selected as classifi- 
cation training sites. 

Spectral Signature Collection 
statistics for each representative land-cover class were used to 
train the feature recognition algorithm, which was conse- 
quently used to classify the image. Multivariate statistics such 
as mean, standard deviation, and covariance matrices were 
calculated from the pixel brightness values in each training site 
and then evaluated for uniqueness (ERDAS, 1997). Training site 
signatures for the pilot study area were collected using ERDAS 
Area of Interest (AOI) drawing tools. Subsequently, the signa- 
tures were evaluated for separability, then either merged with 
other similar signatures of the same land-cover type, left 
unchanged, or deleted. Approximately five training sites for 
each land-cover class were chosen and their statistics calcu- 
lated. In some instances, more than one set of training signa- 
tures were captured for the same information class. These 
signatures represented the same class, yet they were spectrally 
different from one another, as well as the other classes. For 
example, bare wet soil appeared spectrally different from bare 
dry soil. Training signatures for these two soil conditions were 
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same "soil" class. 
As was the case for "bare soil," several spectral signatures 

for Tamarisk were collected because they were unique among 
other Tamarisk areas. For example, areas down stream, river left 
of the Water Caves area contained Tamarisk (Deciduous 
Shrubland) that had standing dead Tamarisk mixed in with 
healthy Tamarisk. In post-classification analysis, the Tamarisk 
wldead were grouped with their ecological counterparts, i.e., 
the other Deciduous Shrubland classified pixels. Moreover, 
areas of common land-cover types, which exhibited lower veg- 
etation density, were also classified separately so that they 
would still be unique but represent the same general land-cover 
class. Therefore, those pixels would likely have a greater prob- 
ability of being classified correctly. If these measures weren't 
taken, it would have been extremely difficult to create unique, 
representative spectral training signatures. By viewing the 
training-signature mean-pixel values for each signature across 
the four ATLAS bands in the image, one can determine if the sig- 
natures are distinct from one another. If the signatures are not 
unique, the classification algorithm will not successfully group 
the pixels of the image into the desired land cover/information 
class. This process is known as signature evaluation (Figure 5). 

It is important to note that in this study Tamariskand Coy- 
ote willow, both of which are in the same vegetation formation 
(Cold-Deciduous Shrubland), were spectrally indistinguish- 
able. Coyote willow is a native species whereas Tamarisk is an 
exotic species targeted for eradication. The next step in the 
land-cover classification process involved selecting and execut- 
ing the supervised land-cover classification algorithm. 

Maxlmumlikelihood/Bayesian Classiffcation 
The maximum-1ikelihoodIBayesian algorithm uses the statis- 
tics generated from the spectral training signatures to group 
pixels together into land cover/information classes. The maxi- 
mum-1ikelihoodIBayesian classifier is generally the most accu- 
rate yet time intensive classification algorithm. This program 
takes into account class variability by using the covariance 
matrix for each signature across the four ATLAS bands ( W A S ,  
1997). The resulting classified image for the pilot study area is 
shown in Figure 6. Areas for the land-cover maps area are pro- 
vided in Table 4. To determine the accuracy of the classifica- 
tion map, an accuracy assessment was conducted. 
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Blue Canyon Pilot Project Land Cover Classification 
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Figure 6. Supervised landcover classification of pilot 
study area. 

TABLE 4. AREAS FOR THE PILOT PROJECT LANDCOVER CLASSES 

Hectares 

Bare Ground 1.036 
Shadow 0.182 
Deciduous Shrubland 2.96 
Deciduous Woodland 1.96 
Evergreen Shrubland 4.083 
Grassland 0.11 
Marshland 0.684 

Accuracy Assessment 
To assess the accuracy of the classification, 50 stratified random 
points were generated on the classified map and compared to 
the corresponding vegetation Formation type at the same coor- 
dinates on the vegetation map. The "Reference" values are the 
actual vegetation map "Formation" type, whereas the "Class" 
values are the land-cover class values assigned by the classifi- 
cation algorithm. Image classification errors are normally 
divided into errors of omission or errors of commission. An 
error of omission occurs when a pixel of a "real" vegetation for- 
mation type, such as Evergreen Shrubland, is omitted from the 
classified map. Moreover, as a general rule, if one divides the 
total number of correctly classified pixels by the total number 
of pixels within that category, the results are called the produc- 
ers accuracy (Jensen, 1996). Conversely, an error of commis- 
sion would occur if a pixel on the vegetation map such as 
grassland was given an incorrect classified pixel assignment of 
Marshland in the classified image. Jensen (1996) states that, "if 
the total number of correct pixels in a category is divided by 
the total number of pixels that were actually classified in that 
category, the result is a measure of commission error." 

The overall land-cover classification accuracy for the pilot 
study area was 40 percent at the SRFR Formation level (Table 
5). Note that for some land-cover classes there exists more than 
one class for some of the land-cover types. These class pixels 
were later recoded into the same final class assignment. 

Image Processing-ATLAS, Moenkopl Wash in Blue Canyon 
The pilot study area near the Water Caves was only a subset of a 
larger flight line of imagery flown along Moenkopi Wash in 
Blue Canyon. Rectification for this broader image area was 
focused on the riparian corridor within the wash. A smaller 

scale (coarser spatial resolution) orthomosaic was produced for 
the Moenkopi Wash watershed and used to georeference the 
Moenkopi Wash ATLAS image. This image was also classified 
similarly using the same spectral signatures acquired in the 
pilot study area, because the vegetation types are the same. 
Ground verification and accuracy assessment for this stretch of 
Moenkopi Wash is scheduled for SpringISummer 2000. 

Vegetation Indices-Qualitative Assessment 
As part of AWPF Task Five, two vegetation indices were calcu- 
lated and compared to one another in an attempt to develop 
accurate methods for identifying riparian vegetation extent and 
relative plant vigor. The Transformed Normalized Vegetation 
Index (TNDVI) and the Modified Soil Adjusted Vegetation Index 
2 (MSAVIZ) were derived from the ATLAS image using channels 
4 (red) and 6 (NIR) from ATLAS flight line 111, which covers the 
main stem of Moenkopi Wash within Blue Canyon. Vegetation 
indices are useful for identifying areas of vegetation as well as 
relative vigor of vegetation by manipulating the ratio of red and 
NIR reflectance data collected by the ATLAS sensor. The equa- 
tions for each Index are 

TNDvI = sqrt ((NIR - red/~IR + red) + 0.5) 

- ~ [ N I R  - red))) 

The Vegetation Index Statistics for Moenkopi Wash (Flight line 
I l l )  are 

TNDVI 
Min: 0.52 
Max: 0.94 
Mean: 0.70 
Std dev: 0.039 

MSAVIZ 
Min: -0.35 
Max: 0.66 
Mean: 0.02 
Std dev: 0.08 

The T N D ~  index values range between 0.0 and 1.0 while 
the MSAVI2 index values range between -1.0 and 1.0. The cal- 
culated results of each index require visual, empirical interpre- 
tation to determine the relationship between index value and 
percent vegetation cover. Upon reviewing each index, it was 
found that values approaching 1.0 are associated with vegeta- 
tion cover and/or vigor. Values approaching 0.0 are areas of low 
vigor or low vegetation cover. Overall, the dynamic range is 
greater for the MSAVIZ index than for the TNDVI and, as a result, 
it is less difficult to ascertain a threshold value for vegetation, 
i.e., as index values approach zero there is less vegetation pres- 
ent. Conversely, the data range of the TNDVI index was heavily 
skewed in a positive direction and it was difficult to determine 
the threshold value of vegetated versus non-vegetated areas. 

Provided in Table 6 are statistics corresponding to the data 
collected from three of 14 vegetation transects (T4,T5,T7) in the 
pilot study area. By displaying each vegetation transect on both 
the MSAVI2 and the TNDVI images, the analyst was able to collect 
index pixel statistics along the vegetation transect lines. Each 
transect had varying amounts of percent vegetation cover rang- 
ing from a low of 8 percent to a high of 75 percent. Along transects 
5 and 7 where vegetation cover was relatively low, mean TNDVI 
values (T5 = 0.69, T7 = 0.70) were relatively high compared to 
the MSAVIZ means (T5 = 0.03, T7 = 0.05). At transect 4 where 
vegetation cover was high, the MsAVI2 index mean jumps to 0.36 
whereas the TNDvI mean rises to only 0.80. The broader dynamic 
range of the MSAVIZ suggests that the index reduces the affect of 
soil brightness, providing greater sensitivity to vegetation than 
the somewhat "obscured" TNDW algorithm. 

Moreover, MSAVIZ separates vegetation and non-vegetation 
areas with a wider range of real values. In Moenkopi Wash, the 
TNDVI vegetationlnon-vegetation threshold is 0.72 5 0.05. 
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Producers Users 
Training Land-Cover Class Reference Classified Number Accuracy Accuracy 
Class # Name Totals Totals Correct (Percent) (Percent) 

1 2 Deciduous Woodland 1 1 6 1 100.00 16.67 
2 3 Deciduous Woodland 2 1 2 0 0.00 0.00 
3 5 Shadow 1 1 1 100.00 100.00 
4 8 Deciduous Shrubland 1 9 2 1 11.11 50.00 
5 11 Bare Ground 1 0 2 0 - - 
6 13 Bare Ground 2 0 1 0 - - 
7 16 Grassland 0 0 0 - - 
8 19 Deciduous Shrubland 2 8 0 0 - 
9 2 3 Evergreen Shrubland 1 3 6 3 100.00 50.00 

10 24 Bare Ground 3 0 2 0 - - 
11 3 3 Deciduous Woodland 3 0 1 0 - - 
12 34 Marshland 1 3 0 0.00 0.00 
13 35 Bare Ground 4 2 0 0 - - 
14 36 Evergreen Shrubland 2 3 7 2 66.67 28.57 
15 37 Evergreen Shrubland 3 2 6 2 100.00 33.33 
16 38 Deciduous Shrubland 3 19 11 10 52.63 90.91 

Totals 50 50 20 

Overall Classification Accuracy at the Formation Level = 40.00% 

TABLE 6. TNDVl AND MSAV12 INDEX STATISTICS 

aansect 4 Transect 5 Transect 7 
75% Vegetation Cover 8% Vegetation Cover 30% Vegetation Cover 

TNDVI MSAVIZ TNDVI MSAVI2 TNDVI MSAVI2 

Min: 0.71 Min: 0.09 Min: 0.68 Min: 0.00 Min: 0.68 Min: 0.00 
Max: 0.86 Max: 0.52 Max: 0.71 Max: 0.09 Max: 0.72 Max: 0.10 
Mean: 0.80 Mean: 0.36 Mean: 0.69 Mean: 0.03 Mean: 0.70 Mean: 0.05 
Std Dev: 0.05 Std Dev: 0.16 Std Dev: 0.01 Std Dev: 0.03 Std Dev: 0.20 Std Dev: 0.03 

Thus, TNDVI values greater than 0.72 + 0.05 indicate the pres- 
ence of vegetation. Likewise, an MSAVIZ value greater than 
0.20 + 0.05 is also vegetation. 

Vegetation Index Clustering 
After determining the vegetation threshold for each index, they 
were each clustered into images containing eight classes of 
index values using an unsupervised image-clustering algo- 
rithm. Based on the vegetation thresholds calculated for each 
vegetation index, values above the threshold were placed into 
an "Unclassified" class. 

For the clustered images of the vegetation indices, a high 
threshold value was used to isolate the vegetation. The mini- 
mum class value for the clustered TNDVI image is 0.76. Values 
less than 0.76 included significant areas of soil andlor rock out- 
crops. The minimum value for the clustered MsAvfz image was 
0.156. For each index threshold, their respective lookup tables 
were examined to determine the class value where vegetation 
began and ended, which permitted elimination of background 
information. 

TNDVI has been used successfully for many years, yet this 
index fails to account for the contribution of soil albedo affects 
contained in imagery collected in semiarid environments. 
MSAVIZ was developed to adjust for soil "noise," because a sg-  
nificant proportion of the land cover found within semiarid 
riparian environments contains patches of bare soil or exposed 
rock (Ray, 1997). The MSAvfz equation takes into consideration 
bare soil or low vegetation cover areas in the study area, and 
may permit improved plant vigor assessment. 

Conclusions 
Land-cover classification for the Pilot Study Area of Blue Can- 
yon in Moenkopi Wash was developed to assess the feasibility 

of using remotely sensed imagery collected from an airborne 
platform to examine the extent of riparian vegetation and also 
map land-cover types related to vegetation formations. Narrow 
sinuous bands of willow found along the edges of the channel 
were difficult to isolate spectrally. The canopy of these saplings 
is very narrow and, combined with the bare soil or sand 
between them, created confusion for the classification algo- 
rithm. Mixed pixels consisting of low density vegetation and 
soil were difflcult to separate spectrally, in spite of the efforts to 
minimize soil brightness affects using the Tasseled-cap, pre- 
classification masking technique. 

It is likely that the difference in resolvability of the photo/ 
field-interpreted vegetation map and the relatively coarse spa- 
tial resolution of ATLAS contributed contextual error in the 
land-cover classification. Even at the formation level, the vege- 
tation map exhibited narrow vegetation polygons smaller than 
the 2.5-m ground sample distance (GsD) of the ATLAS data. 
Often found between these "sliver" polygons were patches of 
bare soil. In spite of the effort made to delineate homogeneous 
patches of vegetation to capture spectral training statistics for 
each cover type, it is probable that the disparate size difference 
between the 1-m minimum mapping unit of the original vegeta- 
tion map (contextual information) and the 2.5-m GSD of the 
ATLAS sensor was a source of spectral confusion for the classi- 
fier to pick out the same contextual information. In simple 
terms, the vegetation patches found in the study area were often 
smaller than a single pixel; consequently, spectra represented 
by a single ATLAS pixel likely contained soil or different vegeta- 
tion types; thus, they were not unique. Moreover, the 1.1-m 
RMS error generated in the image rectification process may have 
further confounded classification accuracy. 

In this study, it was found that MSAVIZ was the preferred 
vegetation index, given the vegetation, soil, and moisture con- 
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ditions present. M S A ~ Z  was more adept at separating vegeta- 
tion from soil or background material than was TNDVI. MSAVIZ 
incorporates an adjustment factor to account not only for vary- 
ing soil brightness (albedo) but also for percent vegetation 
cover, enabling the analyst to differentiate between relatively 
bare soil and vegetation. 

Moreover, it may have proved beneficial to have incorpo- 
rated additional dates of images in a temporal analyses to cali- 
brate for differences in vegetation phenology (Avery and Berlin, 
1992). Phenological differences in vegetation could likely be 
determined from multi-date images, and this knowledge may 
have allowed the analyst to further stratify the image classifica- 
tion model. 

Future Work 
It may prove fruitful to employ sub-pixel classification tech- 
niques to further separate the spectra of these spectrally mixed 
environments. Any other imagery collected for this study 
should also be accompanied by calibration data so that Leaf 
Area Index (LAI) may be calculated for quantitative biomass 
assessments. In addition, hyper-spectral images combined 
with simultaneously acquired in sifu field measurements using 
hand-held spectrometers to establish spectral endmembers 
would likely improve classification results and perhaps vegeta- 
tion species distinction. 

Subsequent GIs analyses using DEM, slope, and aspect data in 
conjunction with the high-resolution vegetation map and classi- 
fied land-cover data may yield insight into local landscape pat- 
terns. Information gleaned from landscape patterns has been 
used to assess ecological condition at local and regional scales 
(Wickham et d., 1997). Moreover, landscape pattern and compo- 
sition can influence the nature and magnitude of ecological pro- 
cesses at avariety of scales (Jones et d., 1996). 
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