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ABSTRACT 

Vegetation mapping in arid regions facilitates ecological studies, land management, and 

provides a record to which futvire land changes can be compared. Accurate and 

representative mapping of desert vegetation requires a sound field sampling program and 

a methodology to transform the data collected into a representative classification system. 

Time and cost constraints require that a remote sensing approach be used if such a 

classification system is to be applied on a regional scale. However, desert vegetation may 

be sparse and thus difficult to sense at typical satellite resolutions, especially given the 

problem of soil reflectance. This study was designed to address these concerns by 

conducting vegetation mapping research using field and satellite data from the US Army 

Yuma Proving Ground (USYPG) in Southwest Arizona. Line and belt transect data from 

the Army's Land Condition Trend Analysis (LCTA) Program were transformed into 

relative cover and relative density classification schemes using cluster analysis. 

Ordination analysis of the same data produced two and three-dimensional graphs on 

which the homogeneity of each vegetation class could be examined. It was found that the 

use of correspondence analysis (CA), detrended correspondence analysis (DC A), and 

non-metric multidimensional scaling (NMS) ordination methods was superior to the use 

of any single ordination method for helping to clarify between-class and within-class 

relationships in vegetation composition. Analysis of these between-class and within-class 

relationships were of key importance in examining how well relative cover and relative 

density schemes characterize USYPG vegetation. Using these two classification schemes 



as reference data, maximum likelihood and artificial neural net classifications were then 

performed on a co-registered dataset consisting of a summer Landsat Thematic Mapper 

(TM) image, one spring and one summer ERS-1 microwave image, and elevation, slope, 

and aspect layers. Classifications using a combination of ERS-1 imagery and elevation, 

slope, and aspect data were superior to classifications carried out using Landsat TM data 

alone. In all classification iterations it was consistently found that the highest 

classification accuracy was obtained by using a combination of Landsat TM, ERS-1, and 

elevation, slope, and aspect data. Maximum likelihood classification accuracy was found 

to be higher than artificial neural net classification in all cases. 
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1.0 INTRODUCTION 

1.1 SCOPE 

The US Army Yuma Proving Ground (YPG) is an 838,000-acre vehicle and ordinance 

testing facility in southwest Arizona (Figiu-e 1.1a, Figure 1.1b). YPG lies within typical 

basin and range topography in the Lower Colorado River Valley subdivision of the 

Sonoran Desert. This is the driest subdivision of the Sonoran Desert with low amounts of 

erratic precipitation and extremely low perennial plant cover, averaging from 1 to 5 

percent across the region (Ayres Associates, 1996). Average annual rainfall at YPG is 99 

mm (Bern, 1995). This area provides the military with climatic and environmental 

conditions similar to a variety of desert ecosystems throughout the world. However, at 

YPG the Army must balance its necessity for having sufficient training and testing space 

with the need for preserving a fragile desert ecosystem. Furthermore, the passage of laws 

such as the National Environmental Policy Act in 1969 and the Endangered Species Act 

in 1973, have forced US military bases such as YPG to comply with environmental 

regulations and maintain resource availability. In 1984 a review panel of independent 

experts was convened by the US Army to evaluate the natural resource management 

programs on selected military installations (Jahn et al., 1984). The US Army Construction 

Engineering Research Laboratory (USA-CERL) acted on the recommendations made by 

this panel by initiating the Land Condition Trend Analysis (LCTA) Program. The aim of 

the LCTA Program is to characterize, quantify, and classify land, vegetation and wildlife 

resources. Although the LCTA program has strict guidelines for the collection and 
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documentation of vegetation cover and density using line and belt transects, no 

procedures for classifying the vegetation field data were developed other than two indices 

which can be generated firom the LCTA User's Interface Program (Bern, 1995). The first 

index, the Plant Community Classification (PCC) uses the top most aerial hit fi-om the 

line transect (e.g. tree, shrub, grass, forb, and bare ground) for plot characterization and 

the second index, the Most Common Classification (MCC) uses the most common life 

form inventoried on the plot. These indices are comprised of four letters, the first two 

letters representing cover values (BA = barren, SP = sparse, OP = open, and DE = dense) 

whereas the second two letters represent the dominant community type (WO = woodland, 

SH = shrubland, HS = shrublzmd, GR = grassland, FO = forbland, and VE = vegetation). 

These indices, however, give no indication of the species or plant communities present in 

any given area and are designed to provide only an estimation of cover and life form type 

that may vary yearly (Bem, 1995). One subjective classification given in Bern (1995) 

does attempt to signify the dominant species in each plot. This classification was 

developed by assigning one or more species identifiers to each plot based roughly upon 

the height and numbers of individuals of woody species within the belt transect. 

Unfortunately, this classification is subjective and has no mathematical basis leaving no 

explicit methodology to transform LCTA field data into a Sonoran vegetation 

classification system, such as the system described by Turner and Brown (1994) (Table 

1.1). 
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Table 1.1 - Sonoran Desert Vegetation Classification. Table modified from Ayres Associates 
(1996) and Morrill (unpublished data). The Arizona Upland Subdivision forms a narrow border at 
the north and eastern edges of the Sonoran Desert in areas that receive an average annual 
precipitation of 11.6 inches (294 mm) with elevations as low as 92 feet (300 m). Many of the tree 
species present in this subdivision are restricted to the washes of the Lower Colorado River Valley 
Subdivision. 

MOHAVE DESERT BIOME {Relict) SONORAN DESERTSCRUB 
BIOME 

Lower Colorado River Valley Subdivnion 

Arizona 
Upland 
Subdivbion 
Influence 

Saltbush 
Series 

Galleta 
Series 

Creosote-
Bursage 
Series 

Brittlebush 
Series 

Mixed Scrub 
Series 

Palo Verde-
Mixed 
Cacti 
Series 

Saltbush 
Association 

Creosote 
Association 

Brittlebush 
Association 

Mixed Scrub 
Association 

Foothill Palo 
Verde-
Saguaro 
Association 

Creosote-
Bursage 
Association 

Brittlebush-
Opuntia 
Association 

Blue Palo 
Verde-Smoke 
Tree 
Association 

Foothill Palo 
Verde-
Ironwood 
Association 

Creosote-
Ocotillo 
Association 

Blue Palo 
Verde-Honey 
Mesquite 
Association 

Foothill Palo 
Verde-
Opuntia 
Association 

Creosote-Foothill 
Palo Verde 
Association 

Blue Palo 
Verde-
Catclaw 
Association 

Teddy Bear 
Cactus 
Association 

Blue Palo 
Verde-
Ironwood 
Association 

This dissertation helped to bridge this gap with applied research into two broad areas. The 

first area of research dealt with methods to classify LCTA data. The second area of 

research dealt with methods to extend the resultant classification scheme to a regional 

scale (all of YPG). In the first area of research multivariate analysis was used to assign 
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LCTA vegetation data into vegetation classes (plant communities). Two multivariate 

methods were used, ordination and classification/clustering. Ordination reduced the 

multi-dimensional vegetation information into two or three dimensions that could be 

viewed graphically. On a two-dimensional graph, plots with similar vegetation 

composition grouped close together and plots with dissimilar vegetation composition 

were separated by a distance proportional to their dissimilarity. Cluster analysis 

complemented ordination by grouping plots into discrete classes based upon vegetation 

composition. Plots within identical classes were then assigned unique symbols on the 

two-dimensional ordination diagram. This provided a method of evaluating class 

homogeneity by simply examining how close plots within each class are on the graph. 

The second area of research in this dissertation involved using a remote sensing approach 

to extend the field-based classification to a regional scale, as regional mapping using 

field-based methods would be cost- and time-prohibitive and damaging to the fragile 

desert environment. This approach addressed the second broad area of research into 

vegetation mapping using LCTA data. In the remote sensing application, the LCTA plot 

classes were used as training areas for image classification. However, remote sensing of 

vegetation in deserts can be difficult. In a desert environment, surrounding soil and rock 

reflectance often overwhelms spectral reflectance of the sparse vegetation. Huete (1988) 

developed the Soil Adjusted Vegetation Index (SAVI) to accoimt for these soil effects in 

areas of low vegetation. However, SAVI, as well as other vegetation indices, is simply a 
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measure of the relative abundance of vegetation and gives no indication of the 

composition of the vegetation itself Most studies have shown that conventional remote 

sensing of vegetation in the desert using optical imagery can be done using broad 

categories only and at relatively small scales. For example. Smith et al. (1990) used a 

linear spectral unmixing technique in Owens Valley, California to separate vegetation 

from other surficial materials. Although a diverse mix of vegetation communities existed. 

Smith et al. (1990) found that only two vegetation endmembers could be foimd: one on 

the bajada (Artemsia) and one in the riparian areas (Populus). Although reference data 

suggested that Artemsia and Populus were the best matches to the unmixed images, it was 

noted that in reality the bajada vegetation endmember was merely Artemsia-likc and the 

riparian endmember merely Populus-likc. Conclusions from this study and others suggest 

that mapping of sparse vegetation at greater levels of detail requires fiirther research into 

classification methodologies and into the use of different types of data. Such detailed 

mapping of vegetation of a desert region helps to facilitate a variety of ecological studies 

and provides a reference against which to measure the effects of future changes (Smith et 

al., 1990). This dissertation used the information from microwave backscatter and optical 

spectral reflectance data, £uid elevation, slope, and aspect layers to create a detailed 

regional vegetation map of the LCTA vegetation classes. Radar satellite imagery has not 

been used extensively in desert vegetation mapping. In this study, however, radar 

backscatter differences in biomass, cover, physiognomy, etc. between plant communities 

were found useful for vegetation classification. Classification accuracy also increased 
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with the use of elevation, slope, and aspect layers, (Hutchinson, 1982). Both maximum 

likelihood classification and artificial neural net classification algorithms were applied to 

various combinations of this imagery and compared to the linear spectra! unmixing of 

Landsat Thematic Mapper imagery. As described in Chapter 4, the greatest accviracy in 

mapping YPG vegetation was found when the maximum likelihood classifier was applied 

to the entire image database consisting of Landsat TM, ERS-1 radar, and elevation, slope, 

and aspect data layers. 

In summary, to map the vegetation at YPG two main challenges needed to be met. The 

first challenge was to derive a meaningful vegetation community classification from raw 

field data. To achieve this, multivariate ordination and classification/clustering were 

investigated. The second challenge was to apply this classification to the entire YPG at a 

regional scale using remote sensing methods. Given the inherent difficulties of mapping 

arid land vegetation using optical remote sensing data £done, classification was carried 

out using both optical (Landsat Thematic Mapper) as well as microwave (ERS-1) 

imagery in addition to elevation, slope, and aspect layers. Classification was then 

performed using maximum likelihood, artificial neural net, and linear spectral unmixing 

techniques. 
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1.2 STATEMENT OF RESEARCH OBJECTIVES 

The major goals of this dissertation are as follows: 

1. a) To format raw LCTA field vegetation data into vegetation community 
classifications using numerical ordination and classification. 

b) To investigate the differences between relative cover and a relative density 
classifications. 

2. a) To use the vegetation classes created in 1) as training data for remote sensing 
classification of YPG. 

b) To investigate the combination of optical and microwave satellite imagery in 
desert vegetation classification. 

c) To assess the use of maximimi likelihood and artificial neural net classifiers in 
desert vegetation classification. 

1.3 ORGANIZATION OF DISSERTATION 

This dissertation is divided into five chapters. The present chapter. Chapter 1, is an 

introduction to the YPG study area in the Sonoran Desert, the goal of mapping vegetation 

at YPG, and the challenges associated with this mapping. Chapter 2 describes in greater 

detail the LCTA program and how vegetation and soil data are collected using LCTA 

guidelines. Vegetation and soil data used in the study are described. Chapter 2 also 

provides a brief background on radar remote sensing and the ERS-1 active microwave 

instrument and gives information on the Landsat Thematic Mapper (TM) instrument. 

Information on ERS-1 and Landsat TM imagery used in the study is given. Information 

on YPG GIS data is also provided. Chapter 3 introduces multivariate ordination and 



classification/clustering of vegetation data. Chapter 3 then describes how raw LCTA 

vegetation data were transformed into plots-by-species matrices. This is followed by a 

discussion of how these matrices were used in ordination and classification/clustering 

algorithms to generate relative cover and relative density vegetation classification 

schemes. The final classes to be used in remote sensing classification of YPG are listed at 

the end of the chapter. Chapter 4 begins with a discussion of the characteristics of the 

desert environment and the implications these characteristics have for vegetation remote 

sensing. Next, is a discussion of desert vegetation remote sensing using optical and 

microwave imagery. Chapter 4 then discusses classification using a variety of methods 

including maximum likelihood, artificial neural network, and linear spectral unmixing 

approaches. In Chapter 4, the application of these classification algorithms to ERS-1 

SAR, and elevation, slope, and aspect imagery is described. Finally, Chapter 5 

summarizes the ordination and classification/clustering results of Chapter 3 and the image 

classification results from Chapter 4. Chapter S also discusses additional ways to extend 

this study and gives recommendations for future work. 
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CHAPTER 2: DATA 

2.1 The LCTA Program 

Overview and Objectives of LCTA 

The US Army Construction Engineering Research Laboratories (USACERL) developed 

the Land Condition-Trend Analysis (LCTA) program to meet the need for natural 

resources management and land stewardship on military installations (Tajik et al., 1992). 

LCTA is a standardized method of natural resources data collection, analysis and 

reporting designed to meet multiple goals and objectives. LCTA uses information on 

topographic features, soil characteristics, climatic variables, vegetation and wildlife 

resources to characterize an installation's natural resources in a cost- and time-effective 

manner. The information is designed to: 1) assist installation managers with making 

decisions on the best use of land, scheduling of military activities, protection of 

threatened and endangered species, and long-term environmental planning; and 2) 

provide officials at all levels with standardized natural resources inventory information 

for installations across the continental US and overseas. 

LCTA as an Information Management System 

LCTA is also an information management system (IMS). LCTA IMS is a series of Army-

developed executable programs, data storage schemes, and commercial off the shelf 

(COTS) products that span two operating systems, MS-DOS/Windows and UNIX 

(Sprouse and Anderson, 1995). LCTA was designed to provide user-friendly automated 
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programs to collect, analyze, interpret, and report natural resources data and land-use 

impacts for decision making. Components of the LCTA IMS include; 

1. Automated data collection techniques 
2. Processing of remotely sensed images and spatial data 
3. Multimedia and hypermedia applications 
4. Global electronic networking between installation headquarters, and a natural 
resources support center 
5. Relational database management system (RDBMS) 
6. LCTA Users Interface 

At the heart of the LCTA program is the RDBMS. This database can be divided into 8 
distinct components: 

1. Plot information data 
2. Land use data 
3. Vegetation data 
4. Wildlife data 
5. Climate data 
6. Soils data 
7. Supplementary information 
8. Summary data 

2.2 LCTA Permanent Plots 

Selection of Permanent Plots 

LCTA data are derived from permanent field plots. These plots are visited annually with 

the aim of quantifying the condition of and trends in installation natural resources (Tajik 

et al., 1992). Because of the fragility of the desert environment, in the case of YPG such 

core plots are visited every 5 years (V. Morrill, 1998 personal communication). The 

procedures for establishing these plots were designed to include random sampling, which 

allows statistical inferences to be made based on the data collected, and permits 
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characterization of installation natural resources as a whole. Sampling is stratified on the 

basis of soils and land cover types (derived from satellite imagery), facilitating the 

analysis of natural resource status and land capability by those spatial elements. The 

standard size of the LCTA permanent plot is 100 x 6 m with a 100-m line transect 

forming the longitudinal axis. This elongated, rectangular plot shape is preferred because 

it exhibits lower variance and greater sampling efi^ciency than other shapes (Cook and 

Stubbendieck, 1986) and tends to include more species than plots with a lower perimeter 

to area ratio (Bonham, 1989). Land use is recorded on each plot, and woody plants are 

recorded to provide density estimates and document trends in both tactical and wildlife 

cover. The line transect is used to quantify ground cover, canopy cover, and surface 

disturbance. Wildlife data are collected at a subsample of these plots (Tajik et al., 1992). 

The permanent plots are selected with an automated site selection process designed to 

ensure objectivity, randomness, and representation (Warren et al., 1990). In the first step 

of the process, satellite imagery (SPOT or Landsat TM) is acquired on a date that should 

correspond to peak phytomass (Tajik et al., 1992). Up to 20 landcover categories are then 

selected from an unsupervised classification of green, red and near infrared (NIR) 

wavelength bands. The landcover layer is then superimposed on a digital soil survey of 

the area in the Geographic Resources Analysis Support System (GRASS) geographic 

information system (GIS). Each unique landcover/soil combination is recognized as a 

separate category, and the occurrence of each landcover/soil combination, called a 
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polygon, is identified. Polygons smaller than 2 hectares are eliminated because in practice 

they are difficult to locate in the field (Tajik, et al., 1992). 

Permanent plot locations are then selected using a procedure that assigns plots randomly 

to the array of all polygons that make-up each landcover/soil category. This results in a 

random stratification by soil and land cover type. The number of plots assigned to each 

category is proportional to the land area included in each, so that a landcover/soil 

category covering 15 percent of the installation would receive 15 percent of the plots. 

This procedure helps ensure that the data collected are representative of the installation as 

a whole. 

The number of permanent plots should be based upon the size and variability of the area, 

though this variability is difficult to evaluate prior to field sampling (Tajik et al., 1992). 

As a rule of thimib, there should be approximately one plot per 200 hectares, with a 

suggested limit of 200 plots in large installations to allow field crews time to inventory 

each plot. 

Permanent Plot Establishment in the Field 

Plastic overlays are color-printed with landcover/soil polygons eind symbols identifying 

the locations of permanent plots. These overlays are then registered to U.S. Geologic 

Survey (USGS) 7.5-minute quadrangle maps and provided to field crews, who are 
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responsible for establishing the plots as near as possible to the permanent plot locations. 

Once a plot has been located in the field, a line transect is established with the beginning 

point (stake) driven into the ground as close as possible to the Universal Transverse 

Mercator (UTM) coordinates provided. At YPG, the positions of these stakes were 

recorded using Global Positioning Systems (GPS) to a spatial accuracy of 2-5 meters. 

After establishment of the stake, the azimuth of the transect is selected randomly. A 

pencil point is repeatedly placed blindly on a random number table until a number 

representing an azimuth that falls within an acceptable arc is selected. An acceptable arc 

defined by Tajik et al. (1992) is described as follows: 

Standing over the stake, a circle is envisioned around the point with a radius of 100 m. 
Portions of the circle falling outside the landcover/soil polygon are eliminated and the 
remaining portion of the circle is determined. After the azimuth of the plot has been 
chosen, a measuring tape is attached to the beginning stake and stretched to 100 m in the 
azimuth direction. At the 100 m mark another stake is driven into the ground. Additional 
stakes are also driven in at the 75, 50, and 25-m points along the tape. 
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23 LCTA Data Collection 

Soil Sampling 

A composite soil sample taken on the line transect for each permanent plot. This sample 

is comprised of samples taken approximately 1 m from the line transect at the zero, 25, 

50, 75, and 100-m points. Approximately 0.2 liter of soil from a small pit of about 15 cm 

deep is taken from each of the 5 samples. The composite samples are then sealed in a 

plastic bag and shipped to the United States Department of Agriculture (USDA) National 

Soil Survey Laboratory in Lincoln, Nebraska for analyses of selected physical and 

chemical soil characteristics (Table 2.1) that affect site erodibility, productivity, and 

botanical composition. 

Line Transect Data Collection 

The line transect documents ground cover, canopy cover, and siuface disturbance using a 

modified point intercept method (Tajik et al., 1992), also known as the point-quadrat 

method (Diersing et al., 1992; Mueller-Dombois and Ellenberg, 1974). This method has 

been shown to be more efficient that other sampling techniques (Heady et al., 1959) and 

is more applicable to a wide range of habitat types. Information from the line transect is 

used to evaluate soil erosion status, military concealment cover, wildlife habitat, and 

botanical composition, and for ground-truthing remotely sensed imagery (Tajik et al., 

1992). In an initial inventory, one hundred points at I-m intervals are sampled along the 

line transect beginning at the 0.5 m mark and continuing to 100 m. The 1-m measuring 
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rod is placed plumb to the ground at each point to determine ground cover, surface 

disturbance, and vertical distribution of vegetation up to 1 m. Canopy cover above 1 m is 

measured using the telescoping range pole. If the canopy extends above 8.5 m, the 

uppermost species over the point is measured (Diersing et al., 1992). 

Only ground cover that comes into contact with the tip of the rod is recorded. The 

categories are: basal cover (the part of a plant where the leaves and/or stems join the roots 

at the soil surface; specified by a species code for vascular plants and MOSS, LICHEN or 

ALGAE for microphytes), prostate (attached leaves, stems, stolons, etc. in contact with 

the soil surface away from the plant crown, dead wood (detached, fallen woody material 

greater than or equal 2.5 cm in at least two dimensions), litter (detached herbaceous plant 

parts of any size, and woody material greater than 2.5 cm in at least two dimensions; 

specified as grass, forb, shrub or tree litter), duff (accumulations of litter greater than or 

equal to 2.5 cm in depth; specified as grass, forb, shrub or tree litter), rock (rock and other 

nonbiodegradable material greater than or equal to 7.5 cm in any dimension), gravel 

(gravel and other nonbiodegradable material greater than or equal to 2mm in any 

dimension and greater than 7.5 cm in all dimensions), £md bare ground (exposed soil). 

Canopy cover is documented by recording vegetation contacts within each decimeter 

interval on the 1-m measuring rod as it is held plimib to the ground, and by a telescoping 

range pole for canopy above 1-m. Canopy cover is recorded in 10 cm intervals up to 2 m. 
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Above 2 m canopy cover is recorded in 0.5 m intervals up to 8.5 m. Canopy cover is only 

recorded if vegetation appears as though it would be intercepted by the center of the rod 

or pole. Canopy cover above 8.5 m is also recorded as present if an imaginary extension 

of the range pole above 8.5 m would contact vegetation. The canopy categories are foliar 

cover (live or dead plants that are rooted in the soil, in the case of vascular plants a 

species code is specified), dead wood and litter. Table 2.2 shows a portion of the 13739 

record line cover table (LCTA AERCOVER Table) for the 1993 data collection year at 

YPG. 

In short term monitoring for the line transects, plant species are not identified. Instead, 

presence or absence of canopy cover at any height is determined for each point. The 

short-term monitoring is a scaled down version of the initial inventory with an objective 

to gather sufficient information to detect annual changes while minimizing demands on 

staff (Tajik et al., 1992). A long-term monitoring program requires that the plots be 

completely re-surveyed every 3 to 5 years, depending on the nature and intensity of land 

use, in the same manner as the initial inventory. 

Belt Transect Data Collection 

The belt transect is intended to characterize specl js composition, density, and height 

distribution of woody and succulent vegetation. These data serve as the basis for: 1) 

documenting the availability of concealment resources for realistic military training; 2) 
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characterizing tree and shrub growth rates; 3) establishing a continuous forest inventory 

(CFI); 4) assessing wildlife habitat; and 5) monitoring populations of endangered plant 

species (Tajik et al, 1992). The belt transect follows the length of the 100-m transect, 

extending 3 m to each side (or less for high density species). In the belt transect 

inventory, the measuring tape is used a longitudinal scale and a range pole as a lateral 

scale to map the location of all woody plants above a predetermined minimum height. In 

the desert (e.g. YPG) the minimum height of species recorded is 0.1 m. in the initial and 

long-term inventories, the height of each individual is recorded to the nezirest 0.1m. All 

rooted shrubs and trees are recorded regardless whether they are live or dead; all cacti 

regardless of height are recorded. Multi-stemmed plants appearing as separate plants are 

recorded as though a single individual. For plants that form dense stands by means of root 

sprouts, adventitious roots, or rhizomes, the entire clump (motte) is regarded a single 

individual. 

In short term monitoring with the belt transect, a tally of each species in 1-m height 

classes up to 4 m is made, with a single category for plants greater than 4 m. The short 

term monitoring belt transect is the same width as in long term monitoring, but plant 

locations are not recorded. Dead but rooted plants are recorded separately, by species and 

height class. Table 2.3 shows a portion of the short term monitoring belt transect data 

(LCTA BELTMON Table) for the 1993 data collection year at YPG. 
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2.4 Acquisition of LCTA Data for tiie Present Study 

LCTA data tables used to derive Tables 2.1, 2.2, 2.3, and 2.4 were obtained from the 

Conservation Department at YPG as well as from the Center for Ecologic Management of 

Military Lands (CEMML) via the Internet. LCTA line and belt transect data were 

collected in 1991, 1992, and 1993; however, only 1993 data were used since a Landsat 

Thematic Mapper scene from June of that year was also available. An additional LCTA 

table containing ancillary plot information, including Universal Transverse Mercator 

(UTM) coordinates and azimuths of the transects for each plot, was also obtained (Table 

2.5). These LCTA RDMS tables were imported into Microsoft Excel format for general 

analyses and formated for use in ordination and classification as described in Chapter IIL 

The following is a summary of the LCTA data tables used in this study: 

SOILSMP- LCTA soil variables calculated at the USDA National Soils 
Laboratory from plot samples collected at YPG inl991 (Table 2.1). 

AERCOVER - long-term monitoring line transect aerial data from as described 
in 2.132. Collected in the spring of 1993 (Table 2.2). 

BELTMON - short-term monitoring belt transect data as described in 2.133. 
Collected in the spring of 1993 (Table 2.3). 

PLNTLIST - Master list giving family, genus, species, and subspecies 
information for VEGID (vegetation) codes used in AERCOVER and BELTMON 
tables (Table 2.4). 

PLOTMAST- Plot master table in which initial inventory plot data that does not 
hange over time is stored. These data include: UTM coordinates of core plot 
stakes, the USGS 7.5-minute quadrangle map name where each plot lies, the 
azimuth of the transect direction for each plot, and the soil class for each plot 
(Table 2.5) Soil class information was obtained from Cochran (1991). 
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Table 2.1 - LCTA soil variables. Calculated at the USDA National Soils Laboratory from plot samples 
collected at YPG in 1991. 

LABK Erodibility (K) value calculated with sample data (Universal Soil Loss Equation 
(USLE ) factor)) 

TOTCLAY Percent total clay 
TOTSILT Percent total silt 
TOTSAND Percent total sand 
FSILT Fine silt fraction of TOTSILT 
CSILT Coarse silt fraction of TOTSILT 
VFSAND Very fine sand fraction of TOTSAND 
FSAND Fine sand fraction of TOTSAND 
CSAND Coarse sand fraction of TOTSAND 
COURFRAG course fragments (> 2 mm) as a weight percentage of whole soil 
WT2T05MM 2*5 mm weight percentage of soil < 75 mm 
WT5T020MM 5-20 mm weight percentage of soil < 75 mm 
WT20T075MM 20-75 mm weight percentage of soil < 75 mm 
ORGCARB Wakely-Black organic carbon 
ORGMATT organic matter content 
COC3CLAY Clay-sized carbonate material .002 mm and fmer 
BARCLAY Cation exhchange capacity to clay ratio taken at 15 bar moisture 
BARWATER total amount of water (in percent weight) that the soil holds at wilting point (15 

bar moisture) 
CARBLT2MM carbonate, < 2 mm fraction 
PHITOl pH, 1:1 soil-water suspension 
FH1T02 pH, 1:2 soil CACL2 suspension 
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Table 2.2 - Line Transcct Table (AERCOVER). This table shows the line transect data 
for plotl (PLOTID = 1). INSTALID is the military installation code, here YUM for YPG; 
RECDATE is the date of recording, VEGLOC is the recording location on the transect, VEGID 
is the species acronym, and VEGHT is the vegetation height LATR2 is Lairea Tridentata 

(creosote), AMDU2 is Ambrosia Dumosa(White Bursage), and HIRI is Hilaria Rigidia 
(Big Galleta, a grass). The remainder of the acronyms represent forbs. 

YUM I 3/27/93 0.500000 LATR2 0.300000 
YUM 1 3/27/93 0.500000 LATR2 0.400000 
YUM 1 3/27/93 0.500000 LELA 0.100000 
YUM 1 3/27/93 0.500000 FA 0.200000 
YUM 1 3/27/93 1.500000 PLOV 0.100000 
YUM 1 3/27/93 1.500000 LATR2 0.300000 
YUM 1 3/27/93 3.500000 MOBE2 0.100000 
YUM I 3/27/93 3.500000 LATR2 0.200000 
YUM 1 3/27/93 4.500000 SIIR 0.500000 
YUM 1 3/27/93 4.500000 SIIR 0.600000 
YUM 1 3/27/93 4.500000 SIIR 0.700000 
YUM 1 3/27/93 5.500000 LS 0.100000 
YUM 1 3/27/93 5.500000 PHCR 0.200000 
YUM 1 3/27/93 9.500000 LIBI2 0.100000 
YUM 1 3/27/93 9.500000 HIRI 0.200000 
YUM 1 3/27/93 9.500000 HIRI 0.300000 
YUM 1 3/27/93 9.500000 HIRI 0.400000 
YUM 1 3/27/93 13.500000 FA 0.100000 
YUM 1 3/27/93 14.500000 LOSTT 0.100000 
YUM 1 3/27/93 17.500000 LELA 0.100000 
YUM 1 3/27/93 17.500000 LELA 0.200000 
YUM 1 3/27/93 17.500000 LATR2 0.500000 
YUM 1 3/27/93 17.500000 LATR2 0.600000 
YUM 1 3/27/93 18.500000 LATR2 0.500000 
YUM 1 3/27/93 18.500000 LATR2 0.600000 
YUM 1 3/27/93 18.500000 LATR2 0.700000 
YUM 1 3/27/93 18.500000 LATR2 0.800000 
YUM 1 3/27/93 20.500000 AMDU2 0.200000 
YUM 1 3/27/93 20.500000 AMDU2 0.400000 
YUM 1 3/27/93 25.500000 FA 0.100000 
YUM 1 3/27/93 26.500000 LF 0.100000 
YUM 1 3/27/93 29.500000 LELA 0.100000 
YUM 1 3/27/93 32.500000 FA 0.100000 
YUM 1 3/27/93 33.500000 VUOC 0.100000 
YUM 1 3/27/93 35.500000 LELA 0.100000 
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Table 23 - Belt Transect Table (BELTMON). This table shows a portion of the belt transect data 
INSTALID is the military installation code, here YUM for YPG; RECDATE is the date of recording; 
VECCOND is the condition of the vegetation: live (L) or dead (S for snag); VEGID is the shrub 

acronym (see Table 2.4); CAT1T02, CAT2T03, CAT3T04, CATGT4, and CATMINTOI are counts 
of the number of of individual plants within the 1 to 2-m, 2 to 3-m, greater than 4-m, and 0-lm height 
categories respectively. 

YUM 1 4/22/92 L AMDU 0 0 0 0 5 
YUM 1 4/22/92 L AMDU 0 0 0 0 5 
YUM I 4/22/92 S ECEN 0 0 0 0 1 
YUM 1 4/22/92 L KRER 0 0 0 0 2 
YUM 1 4/22/92 L LATR 7 0 0 0 3 
YUM 1 4/22/92 L LATR 3 0 0 0 1 
YUM 1 4/22/92 L OPBI 6 0 0 0 83 
YUM 1 4/22/92 L OPBI 3 0 0 0 29 
YUM 1 4/22/92 L OPEC 2 0 0 0 4 
YUM 1 4/22/92 S OPBI 0 0 0 0 1 
YUM 1 3/27/93 L AMDU 0 0 0 0 16 
YUM 1 3/27/93 L ENFA 1 0 0 0 17 
YUM 1 3/27/93 L FOSP 1 0 0 0 0 
YUM 1 3/27/93 L ECEN 0 0 0 0 1 
YUM 1 3/27/93 L KRGR 0 0 0 0 2 
YUM 1 3/27/93 L HIRI 0 0 0 0 11 
YUM 1 3/27/93 L KRER 0 0 0 0 1 
YUM 1 3/27/93 L LATR 16 0 0 0 10 
YUM 1 3/27/93 L OPAC 2 0 0 0 1 
YUM 1 3/27/93 L MATE 0 0 0 0 3 
YUM I 3/27/93 L OPBI 8 0 0 0 148 
YUM I 3/27/93 L OPEC 2 0 0 0 8 
YUM 1 3/27/93 L OPEC 0 0 0 0 1 
YUM 1 3/27/93 S AMDU 0 0 0 0 1 
YUM 1 3/27/93 S ECEN 0 0 0 0 1 
YUM I 3/27/93 S ENFA 0 0 0 0 1 
YUM 1 3/27/93 S OPBI 0 0 0 0 2 
YUM 1 4/22/92 L ENFA 0 0 0 0 6 
YUM I 4/22/92 L ENFA 1 0 0 0 0 
YUM 1 4/22/92 L FOSP 1 0 0 0 0 
YUM 2 3/18/92 S AMDU 0 0 0 0 2 
YUM 2 3/18/92 L AMDU 0 0 0 0 5 
YUM 2 3/18/92 S AMDU 0 0 0 0 3 
YUM 2 3/18/92 L AMDU 0 0 0 0 11 
YUM 2 3/18/92 L ECEN 0 0 0 0 1 
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Table 2.4 - Major Specks at YPG. Acronyms for important perennial species at YPG. Acronym 
definitions were derived from LCTA PLNTLST table. Common names are from Bowers (1993) 
and Fischer (1989). 

VEGro GENUS SPECIES COMMON NAME 
ACGR ACACIA GREGGII Catclaw Acacia 
AMDU AMBROSIA DUMOSA White Bursage 
ATCA ATRIPLEX CANESCENS Four-wing saltbush 
BEJU BEBBIA JUNCEA Sweetbush 
CEGI CARNEGIA GIGANTEA Saguaro 
ENFA ENCELIA FARINOSA Brinlebush 
HIRI HILARIA RIGIDA Big Galleta (Bunch Grass) 
HONE HORSFORDIA NEWBERRYI No known common name 
HYEM HYPTIS EMORY! Desert Lavender 
HYSA HYMENOCLEA SALSOLA Burrobush/Cheesebush 
KRER KRAMERIA ERECTA/PARVIFOLLA. Range Ratany 
KRGR KRAMERJA GRAYI White Ratany 
LATR LARREA TRIDENTATA Creosotebush 
LYAN LYCIUM ANDERSONII Anderson's Wolfberry 
LYCIU LYCIUNl SPECIES Unidentified Lycium species 
MATE MAMMILLARIA TETRANCISTRA Many Spined Fishook 
OLTE OLNEYA TESOTA Ironwood 
OPAC OPUNTIA ACANTHOCARPA Buckhom Cholla 
OPBA OPUNTIA BASILARIS Beavertail (Prickly Pear) 
OPBI OPUNTIA BIGELOVII Teddy Bear Cholla 
OPEC OPUNTIA ECHINOCARPA Silver or Gold Cholla 
OPLE OPUNTIA LEPTOCAULIS Christmas Cholla 
OPRA OPUNTL\ RACEMOSSA? Diamond Cholla 
OPUNT OPUNTIA SPECIES Unidentified Opuntia species 
PAFL» PARKINSONL\ FLORIDA Blue Paloverde 
PAMI** PARKINSONIA MICROPHYLLA Linleleaf/Ycllow/Foothills Paloverde 
PSSP3*** PSOROTHAMNUS SPINOSUS Smoketree 

7 Ramosissima 
•  CEFL alternate name CERCIDIUM FLORIDIUM 
« •  CEMI alternate name CERCIDIUM MICROPHYLLUM 
•  • •  DASP alternate name DALEA SPINOSA 

Less common species at YPG: 
ARLA ARGYTHAMNIA LANCEOLATA unknown 
ATCA ATRIPLEX CANESCENS Four-Wing Saltbush 
ECEN ECHINOCEREUS ENGLEMANNII Enfeknann's Hedgehog 
FECYC FEROCACTUS CYLINDPJ^CEUS California Barrel (Cactus) 
HIDE HIBISCUS DENUDATUS Desert Hibiscus 



Table 2.5 - Master Plot Tabic. UTM eastings and northings (DMCE and DMCN)-
plot date, associated USGS mapsheet, soil class and azimuth of transect are shown. 

4̂  
1 752293 3708946 4/24/91 TRIGO PASS 2 170 
2 738809 3701212 4/30/91 NORTH TRIGO PEAKS I 71 
3 745510 3704388 6/12/91 TRIGO PEAKS 9 123 
4 750290 3707553 4/22/91 TRIGO PASS 7 332 
5 750806 3707148 3/25/91 TRIGO PASS 7 241 
6 753519 3707101 4/24/91 TRIGO PASS 7 337 
7 745923 3706897 6/3/91 TRIGO PASS 4 158 
8 751645 3707650 4/26/91 TRIGO PASS 7 141 
9 753770 3706888 4/24/91 TRIGO PASS 7 210 
10 750933 3706791 4/26/91 TRIGO PASS 7 157 
11 740004 3704529 4/30/91 NORTH TRIGO PEAKS 9 331 
12 739367 3706529 6/7/91 NORTH TRIGO PEAKS 9 168 
13 747182 3705838 4/22/91 TRIGO PASS 9 193 
14 744606 3704286 6/3/91 TRIGO PASS 2 189 
15 747099 3703638 3/25/91 TRIGO PASS 2 352 
16 747332 3702933 4/26/91 TRIGO PASS 2 239 
17 737858 3701505 5/21/91 NORTH TRIGO PEAKS 4 299 
18 750242 3701527 3/17/91 TRIGO PASS 7 82 
19 745993 3703497 4/26/91 TRIGO PASS 9 239 
20 751600 3701147 6/13/91 TRIGO PASS 7 72 
21 749626 3700992 3/20/91 TRIGO PASS 9 22 
22 729748 3700565 6/5/91 MULE WASH 4 227 
23 740122 3699207 5/21/91 NORTH TRIGO PEAKS I 309 
24 740231 3699371 5/21/91 NORTH TRIGO PEAKS 1 108 
25 751659 3699092 3/20/91 TRIGO PASS 7 348 
26 739157 3696391 6/12/91 NORTH TRIGO PEAKS 2 173 
27 752529 3696441 3/25/91 TRIGO PASS 2 58 
28 739678 3690811 5/31/91 MOHAVE PEAK 4 46 
29 734018 3694840 4/19/91 MOHAVE PEAK 2 208 
30 740229 3693328 6/24/91 MOHAVE PEAK 4 344 
31 734638 3692235 5/1/91 MOHAVE PEAK 2 97 
32 725528 3692663 5/31/91 CIBOLA SE 2 274 
33 743674 3692114 6/24/91 MOHAVE PEAK 2 89 
34 726335 3691230 5/31/91 CIBOLA SE 4 286 
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2.5 Landsat Thematic Mapper Imagery 

The Thematic Mapper (TM) instrument is the principle imaging sensor carried by the 

Landsat-4 and -5 satellites. The TM sensor is an electro-mechanical scanner with an 

oscillating mirror. This mirror directs reflected radiation on to a set of detectors by 

sweeping back and forth in a direction per|>endicular to the flight direction within an 

11.6° instantaneous field of view (IFOV). Each sweep of the mirror builds a scan line of 

the surface of the earth. There are 16 detectors for 6 non-thermal channels and 4 detectors 

for a thermal chaimel giving spatial resolutions of 30 meters and 120 meters respectively. 

The Arizona Remote Sensing Center (ARSC) has complete Landsat 5 TM coverage for 

the state of Arizona. Two overlapping images were identified that covered YPG in a 

LCTA data collection year: path 038 row 036 and path 038 row 037. Both images were 

acquired on June 13, 1993 and processed by EarthSat Corporation of Rockville, 

Maryland. The images were geometrically rectified and projected into Universal 

Transverse Mercator (UTM), zone 12. The Ellipsoid used was Clarke 1866. The 

following table lists the general characteristics of Landsat TM's spectral bands: 
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Table 2.6 - General characteristics of Landsat TM bands (modified after Sabins, 1987). 

BAND WAVELENGTH, (im CHARACTERISTICS 
1 0.45-0.52 penetration of water, distinguishing soil from coniferous 

plants 

2 0.52-0.60 matches green reflective peak of vegetation, useful for 
assessing plant vigor 

J 0.63-0.69 matches a chlorophyll absorption band that is important for 
discriminating vegetation types 

4 0.76-0.90 useful for determining biomass content and shoreline 
mapping, mapping water bodies 

5 1.55-1.75 indicates moisture content of soil and vegetation; good 
contrast between vegetation types; useful for snow-cloud 
discrimination. 

6 10.4-12.5 nighttime images usefiil for thermal mapping and estimating 
soil moisture 

7 2.08-2.35 coincides with hydroxyl ion absorption band in minerals 

2.6 ERS-1 SAR 

The European Remote Sensing Satellite, ERS-1, was launched July 17, 1991 and carries 

an active microwave sensor. The sensor operates at 5.25 GHz, which corresp>onds to a 

wavelength of approximately 6cm. The local incidence angle is 20° in the near range and 

26° in the far range. The ERS-1 SAR has W polarization, a 100 km swath width and a 

12.5 m pixel spacing. Range resolution is 26 m and azimuth resolution 28 m (Raney, 

1998). 

YPG is approximately 100 km x 100 km in extent, but because of the path imaged by 

ERS-1 during 1993 overflights, it was necessary to acquire two scenes to cover the entire 

area. These images were acquired on April 3, April 19, Jime 12, and June 28 and obtained 



from RADARS AT International Inc. of Vancouver, British Columbia. Georeferenced 

Fine Resolution (SGF - also known as Path Image) formatted scenes were obtained as 

terrain corrected scenes were unavailable. The SGF format for North American ERS-1 

imagery corresp>onds to the Precision Image Georeferenced (PRI) format of non-North 

American Imagery and is contructed from three non-overlapping looks to reduce speckle. 

The SGF product was calibrated for antenna elevation gain pattern and range spreading 

loss and projected into ground range. Sensor radiometric resolution was 16 bits. Each of 

the scenes was acquired in descending mode. 

2.7 GIS Data Layers 

GRASS-format GIS vector and raster layers for the study were obtained from the 

Advanced Resource Technology (ART) Laboratory in the School of Renewable Natural 

Resources (SRNR). Each of the following data layers was in both raster and vector 

format, except for elevation which was in raster format only; 

1. YPG boundary 
2. Soils 
3. Highways 
4. Improved roads 
5. Unimproved roads 
6. Major washes 
7. Minor washes 
8. Elevation (raster format only) 

All of the above layers, except for YPG boundary, soils, and elevation, were scanned on a 

Optigraphics scanner (40 inches x 162 inches) at 400 dpi from USGS 7.5 minute 
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topographic maps by Hermann Zillgens Associates in San Diego, California. Hermann 

Zillgens Associates then edited the layers in AutoCADD, converting them to •.dxf 

format, and then imported them into GRASS. The YPG boundary was digitized from 

topographic maps at USACERL. Elevation was also digitized from contours and a DEM 

generated. The soil layer was digitized by the U.S. Soil Conservation Service from 1:24, 

000 United States Geological Service (USGS) maps before being converted into GRASS 

format at USACERL. 
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CHAPTER 3: Classification and Ordination of LCTA Data 

Background 

3.1 The Nature and Description of Vegetation 

Naming of Vegetation 

Vegetation consists of plants. Plants can be identified in two ways: morphologically and 

taxonomically (Kuchler, 1988). Morphological identification is based upon the general 

appearance of the plant. Types of plants based upon this morphological description are 

referenced either as growth forms or life forms. Plants identified taxonomically are 

named using a systematic (taxonomic), hierarchical ranking approach. Major ranks of the 

hierarchy are classes-orders-families-genera-species and their various divisions and 

subdivisions. In vegetation mapping, genera and/or species or the latter's divisions are 

nearly always used. The taxonomic system is accepted throughout the world, whereas 

growth forms of individual plants and the resulting physiognomic and structural features 

of plant communities lack such a uniform approach and need elaboration (Kuchler, 

1988). 

Defining Characteristics of Vegetation Distribution: Tolerance and Competition 

Two qualities of plant species that are most significant in affecting or even controlling 

their geographical distribution are tolerance and competition (Kiichler, 1988). Tolerance 

may be defined as the ability of a species to tolerate the conditions of an environment, for 
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example, temperature, water availability, and soil pH. Environments are complex and a 

species must be able to withstand a range of conditions. 

Competition is a complex matter as well, and has been used in a wide variety of contexts 

with slightly different meanings (Kershaw and Looney, 1985). Harper (1961) suggests 

that the general term "interference" be used to describe the loss of vigor and productivity 

of an individual due to the close proximity of another. Competition - or interference -

then refers to the struggle between individuals for some environmental factor such as 

light or water. The result of such competition is not necessarily the complete elimination 

of one individual by another, but rather a lowering of the performance (see 3.2) of one of 

the individuals. Lowering of performance usually manifests as the reduction of the 

numbers of one competing plant species in relation to another species. 

Plant Communities: Phytocenoses 

The biotic and abiotic features of a site, especially tolerance and competition, combine to 

exert a controlling and selective influence on the geographical distribution of plant taxa. 

Such selectivity results in a limited number of species on a given site. This combination 

of species which is capable of successfully competing with one another under the 

confines of a particular environment is called a plant community or phytocenose 

(Kiichler, 1988). The correct term for the study of vegetation is therefore phytocenology, 

though phytosociology (Braun-Blanquet, 1927, 1932) is often used instead (Kiichler, 
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1988). For comparison, Causton (1988) defines phytosociology as the science of 

vegetation, with its aim a worldwide classification of plant communities. In this 

definition, phytosociology deals with floristic structure, development, distribution and 

definition of plant communities. It should be noted that when physical and abiotic factors 

of the habitat are taken into consideration as well, the term plant ecology is used. Another 

term, "synecology", can be used. Jongman (1995) describes this as the classification and 

definition of vegetation as a plant community. This is in contrast to autecology where 

only a single species is being studied. Plant synecology is known as vegetation science in 

Europe (Mueller-Dombois and Ellenberg, 1974). 

Vegetation maps are usually maps of phytocenoses, their location, extent, and 

distribution. In mapping phytocenoses it is important to observe that all phytocenoses 

consist of growth forms and taxa (Kiichler, 1988). 

Phytocenoses - Discrete or Continuous 

When mapping a vegetation community the question arises of where the boundaries lie. 

One school of thought holds that vegetation communities form discrete, identifiable units, 

whereas another school regards vegetation as a continuum, grading continuously from 

one set of species to another. Mueller-Dombois and Ellenberg, (1974) suggest that plant 

communities may be considered subdivisions of a vegetation cover and that whenever the 

cover shows more or less obvious spatial changes, one may distinguish a different 
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community. Depending on the properties of the vegetation and the area, changes vary 

from relatively abrupt to transitional or very gradual and diffuse. Where community 

boundaries are indistinct, an ecotone is considered to exist. An ecotone can be regarded as 

a community itself as it contains an assemblage of species that can include those of the 

surrounding communities. The scale of observation and the goals of the vegetation 

mapper can also help influence whether or not vegetation is to be considered continuous 

or not. Here, when vegetation is regarded from a small scale the continuum approach may 

be more evident while at a large scale vegetation may seem to form more distinct 

communities. 

Phytocenoses - Classification and Ordination 

Gauch (1982) stated that classification is the assignment of entities to classes or groups. 

He says that this is useful and natural because hiunans comfortably think and 

communicate in terms of classes, though this is an observation about human thinking not 

plant communities. Whittaker (1973) felt that understanding vegetation must be based 

upon abstraction because of inherent environmental complexities. If phytocenose 

variation is discontinuous and discrete, then classification is a natural fi-amework for 

conceptualizing communities, if it is more continuous then ordination is more natural 

(Gauch, 1982). Greig-Smith (1983) defines classification: as the arrangement of stands 

into classes, the members each of which have in common one or more characteristics, 

setting them apart from the members of other classes. Traditional systems of 
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classification operate either by grouping stands together on subjective assessment of 

similarity or by dividing the whole set of stands into two or more groups. Dividing the 

stands is done on the basis of the presence or absence of one or a few species subjectively 

selected as likely to give a useful classification. For example, the Scandinavian school of 

classification emphasizes dominant species whereas the Ziirich-Montpellier school gives 

more weight to characteristic and differential species, which are supposed to have a 

narrower ecological amplitude and are therefore better indicators of the environment (van 

Tongeren, 1995). Kuchler (1988) emphasizes that whenever a classification of vegetation 

is to be organized, it is important to: 1) first establish the guiding principals which depend 

on the purpose of the map and 2) clearly define the criteria which serve to select the 

appropriate diagnostic characteristics of the various vegetation types to be mapped. 

Kuchler lists some traditional vegetation classification which emphasize either separately 

or in combination floristic composition, structural information, and envirotunental 

information: 

1. physiognomic-structural systems 
2. floristic systems 
3. physiognomic-floristic systems 
4. dynamic-floristic systems 
5. the areal-geographical system 
6. 'ecological' systems 

In a physiognomic-structural system (morphological identification), for example, 

physiognomy is defined as the general appearance of the vegetation (e.g. deciduous 

subdesert shrubland) while structure defines the degree of stratification of the growth 
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forms in the plant communities as well as the height and coverage of the individual strata 

(Kiichler, 1988a). In contrast, in a floristic system (taxonomic identification) the species 

themselves define the classification. 

Ramenski (1938) precedes Whittaker (1951, 1956), and Curtis and Mcintosh (1951) in 

the concept of a vegetation continuum. Rather than classification as defined above, 

Ramenski preferred the arrangement of vegetation communities along defined 

environmental gradients (e.g. elevation) to form ecological series. This arranging is 

termed direct gradient analysis. Ordination analysis, in contrast, is a mathematical 

procedure that produces a graph, usually two-dimensional, which portrays similar 

samples (stands) or species near to each other and dissimilar stands or species farther 

apart (Gauch, 1982). However, current thinking emphasizes the complementary use of 

classification and ordination. The advent of the computer has accelerated the 

development and use of numerical classification and ordination techniques. These 

procedures have helped provide objective measures of similarity and dissimilarity of 

vegetation stands and species thus facilitating the study of phytocenoses. Numerical 

ordination and classification will be discussed further in section 3.4. 

A Standardized Vegetation Classification in the United States 

In the United States, a standardized vegetation classiHcation system to be used in all 

federal agencies was approved by the Federal Geographic Data Committee (FGDC) 
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(FGDC, 1997). The U.S. National Vegetation Classification (USNVC) is a 

physiognomic-floristic classification system that is based upon the Nature Conservancy's 

(TNC) vegetation classification system (Grossman et al., 1998). The TNC classification 

system was developed for conservation planning and resource management by the TNC 

in conjunction with the National Heritage Network system (Grossman et al., 1998). The 

TNC classification itself was modified fi'om the United Nations Educational Scientific 

Cultural Organization (UNESCO, 1973) classification system (FGDC, 1997). The 

UNESCO physiognomic-structural classification system is intended to provide a 

comprehensive framework for the preparation of vegetation maps at a scale of 

1:1,000,000 or coarser (Grossman et al., 1998). It is also organized in the form of a 

hierarchy and is intended to be applied on a world-wide basis (Kiichler, 1988a). The 

UNESCO classification was modified in order to provide greater consistency at all 

hierarchical levels and includes additional physiognomic types (FGDC, 1997). The 

USNVC hierarchy is organized as follows (FGDC, 1997; Grossman et al., 1998); 

1. Division 
2. Order 
3. Physiognomic (Formation) Class 
4. Physiognomic (Formation) Subclass 
5. Physiognomic (Formation) Group 
6. (Formation) Subgroup 
7. Formation 
8. Alliance 
9. Association 

The five physiognomic levels (Class, Subclass, Group, Subgroup and Formation) are 

modifications of the UNESCO (1973) and Driscoll et al. (1984) vegetation classification 
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by the TNC Ecology Working Group (Grossman et al., 1998). The lower two floristic 

levels (Alliance and Association) have been developed and are periodically enhanced by 

the ongoing work of TNC and the network of State Heritage Programs (TNC Ecology 

Working Group 1997 (in prep)). The floristic levels have been developed from dominant 

or diagnostic species. In the absence of detailed floristic information, the emphasis is 

placed upon dominant species alone (Grossman et al., 1998). Table 3.1 lists the major 

characteristics of the USNVC system for terrestrial vegetation: 

Table 3.1 The USNVC's Physiognomic-Floristic Hierarchy for Terrestrial Vegetation. (Modified after 
Grossman et al., 1998) 

LEVEL PRIMARY BASIS FOR 
CLASSIFICATION 

EXAMPLE 

FORMATION CLASS Growth form and structure of 
vegetation 

Dwarf-shrubland (dwarf-
scrub) 

FORMATION SUBCLASS Growth form characteristics Evergreen dwarf-shrubland 
(dwiuf-scrub) 

FORMATION GROUP Leaf types, according to climate Extremely xeromorphic 
evergreen dwarf-shrubland 
(dwarf-scrub) 

FORMATION SUBGROUP Relative human impact 
(natural/semi-natural, or cultural) 

Natural/Semi-natural 

FORMATION Additional physiognomic and 
environmental factors including 
hydrology 

Extremely xeromorphic 
evergreen subdesert dwarf-
shrubland (dwarf-scrub) 

ALLIANCE Dominant/diagnostic species of 
uppermost or dominant stratum 

Ambrosia Dumosa dwarf-
shrubland (dwarf-scrub) 
Alliance 

ASSOCIATION Additional dominant/diagnostic 
species from any strata 

Ambrosia dumosa - Larrea 
tridentata var. tridentata 
dwarf-shrubland (dwarf-

1 scrub) 

The USNVC is the standard for vegetation mapping at the state and local levels for two 

large national mapping efforts, the GAP Analysis Program and the National Park Service 

(NPS) Inventory and Monitoring Program (Grossman et al., 1998). The GAP Analysis 
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Program has been developing land cover maps from Landsat Thematic Mapper satellite 

imagery for each state as a framework for assessing the conservation status of vegetation 

types and associated target species at the alliance level (the GAP program in Arizona 

used a modified Brown, Lowe, and Pace classification as described below). The NPS has 

instituted a vegetation mapping program to produce vegetation maps for all national park 

lands (Grossman et al., 1998). The NPS program uses 1:24,000 scale color infrared 

photography as the basis for mapping the USNVC, at the association level wherever 

possible (Grossman et al., 1998). 

Biotic Community ClassiHcation 

Brown, Lowe, and Pace (1979, 1980) developed a national vegetation classification using 

a biotic community approach (Brown et al., 1998). A biotic community (or biome) can be 

defined as a major regional community of plants and animals having similar life forms 

living under similar environmental conditions. The biome is generally named after the 

dominant type of life form, such as tropical rain forest, grassland, or coral reef (Tootill, 

1980). This classification was originally developed for southwestern North America, with 

special emphasis on Arizona (USGS Center for Biological Informatics, 

http://biology.usgs.gov/npsveg/classification/sect5.html, 1999). The biotic community 

classification system is divided into six levels (Table 3.2) with an additional seventh level 

(not shown in Table 3.2) used for detailed assessment of the plant and animal species 

within a plant association (Brown et al., 1998). Note that while the Series level is much 

http://biology.usgs.gov/npsveg/classification/sect5.html
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broader than the Alliance level of the USNVC classification, the Association level is 

generally identical to the Alliance level (USGS Center for Biological Informatics, 

http://biology.usgs.gov/npsveg/classification/sect5.html, 1999). In short, the two floristic 

levels of Brown, Lowe, and Pace (1979) are generally coarser than the USNC Alliance 

and Association levels. 

Table 3.2 The biotic-community classification hierarchy. (Modified after Brown et al., 1998). 

LEVEL PRIMARY BASIS FOR 
CLASSIFICATION 

EXAMPLE 

1" LEVEL 
Hydrologic Regime 

Includes all wetland and upland 
communities existing under 
natural conditions 

Nearctic (continental North 
America exclusive of the 
tropics) 

2"^ LEVEL 
Formation Type 

Vegetative responses to 
environmental factors, most 
importantly soil moisture 

Desertland 

3"" LEVEL 
Climatic Zone 

Minimum temperatures are 
recoginize as a major 
evolutionary control of and 
within formation types 

Warm Temperate 

4"^ LEVEL 
Biotic Community (Biome) 

Regional formation within a 
biotic province* (biogeographic 
region) 

Sonoran Biotic Province 
Sonoran Desertscrub Biome 

S"" LEVEL 
Series 

Principal plant-animal species 
within biotic community 

Creosote-White Bursage 
(Lower Colorado Valley) 
Series 

LEVEL 
Association 

A plant community having a 
particular floristic composition, 
uniform habitat conditions, and 
uniform physiognomy 

Creosote Association 

* a biotic province is an area characterized by a particular precipitation pattern or other climatic regime 
so that plant and animal species found within share a more or less similar environment 

Vegetation Classification in Southwest Arizona 

The Biotic Community Classification of Brown, Lowe, and Pace (1979) was modified for 

use in the GAP vegetation classification in Arizona (Graham, 1995). The major GAP 

vegetation classes that cover YPG are given in Table 3.3. Note the Vtype in Table 3.3 

http://biology.usgs.gov/npsveg/classification/sect5.html
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roughly corresponds to the association level of the Biotic Community Classification. An 

investigation of the major vegetation polygons on the Arizona Gap coverage, obtained 

from the University of Arizona, School of Renewable Natural Resources ART Lab 

revealed that only three vegetation types accounted for a large portion of YPG: Creosote-

mesquite shrub and Creosote-Bursage shrub with some Creosote-Bursage-Paloverde-

Mixed Cacti (Table 3.3). In contrast Table 1.1 presents a more detailed classification 

scheme, though it has not been mapped over YPG. Table 1.1 was based upon Turner and 

Brown's (1994) definitive work on Sonoran Desertscrub and used by Ayers Associates 

(1996) to describe YPG's vegetation because of its widespread acceptance among the 

scientific community in the Southwest (Ayers Associates, 1996). The aim of this 

dissertation is to create a similar vegetation classification (more detailed than the GAP 

vegetation map) through multivariate analysis of LCTA stand (plot) data and then 

subsequently map this classification at YPG using remote sensing. 

Table 3.3 Major and Minor GAP Vegetation Classes at YPG (Source Graham (1995)) 

Biome Sonoran 
Desertscrub 

Sonoran 
Desertscrub 

Sonoran 
Desertscrub 

Sonoran 
Desertscrub 

Sonoran 
Desertscrub 

Biome 
Series 

Creosote-White 
Bursage 

Creosote-
White Bursage 

Creosote-White 
Bursage 

Paloverde-
Mixed Cacti 

Paloverde-
Mixed Cacti 

Vtype Creosote-
mesquite shrub 

Creosote-
White Bursage 
shrub 

Creosote-
White Bursage-
Paloverde-Mixed 
Cacti 

Paloverde-
Mixed Cacti 
Shrub 

Paloverde 
Mixed 
Cacti/Sonoran 
Creosote-
Biu^age 
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3.2 The Description of Vegetation 

Vegetation Description: Overview 

Section 3.3 discusses the major ways in which vegetation can be described, noting that 

the most important vegetation descriptors for the purposes of this dissertation are 

measures of cover and density. In fact, a significant proportion of all ecological work 

done in the past has been directed towards the description of vegetation (Kershaw and 

Looney, 1985). The object of such description is to enable people other than the observer 

to build a mental picture of an area and its vegetation and to allow the comparison and 

ultimate classification (and ordination) of different units of vegetation. In general terms, 

such description is based upon the floristic composition of an area, the life form 

composition, and the structure of the vegetation. Floristic composition is simply the 

species present. Life form refers to a description of vegetation based upon Raunkiaer 

(1934). Raunkiaer arranged the life forms of species into a natural series in which the 

main criterion was the height of perennating buds (i.e. phanerophytes, chamaephytes, 

hemicryptophytes, cryptophytes, and therophytes). Structure is defined by three 

components: the vertical arrangement (stratification) of the vegetation, the horizontal 

arrangement of the vegetation (spatial distribution of individuals), and the abundance of 

species vegetation (Kershaw and Looney, 1985). Abundance includes both qualitative 

and quantitative measures, which will be described below. 
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Vegetation Stands and their Description 

Stand Definition 

A location where vegetation is to be analyzed can be defined as either a stand or a releve 

among other terms. A stand is simply a sample unit of some spatial dimension. 

Sometimes a stand is referred to as a quadrat in which case it may be defined as a square 

area. According to the releve method of plant conmiunity sampling, a releve or sample 

stand should fulfill the following requirements; 1) it should be large enough to contain all 

species belonging to the plant community; 2) the habitat should be uniform within the 

stand area, as far as one can determine; and 3) the plant cover should be as homogeneous 

as possible Mueller-Dombois and Ellenberg (1974). Hereafter, the definition of a stand 

will be used for any sample unit of any spatial dimension, whereas a quadrat will refer to 

a square-shaped sample unit. 

Criteria for Characterizing Stands 

Greig-Smith (1983) lists 7 principal criteria for the characterization of vegetation in a 

particular stand: 

1. Floristic composition - the species present in a stand. 

2. Measures of abundance of species - expressed either as frequency (relative 
number/area), density (absolute number/area), or occurrence (yes or no) 
(Ktichler and Zonnenveld, 1988). 

3. Performance of individuals of species - a measure, in a particular area, of how 
well a plant is growing- which reflects the relative vigor or performance of the 
plant (Kershaw and Looney, 1985); performance can be qualitative, e.g., 
setting viable seed or not, or quantitative, e.g. leaf length or width. 
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4. Growth (life) form - the use of morphology to class individuals as described in 
2.2. 

5. Physiognomy - describes a stand based upon the appearance of a stand as a 
whole; this is closely connected to growth form, with a physiognomic 
description being largely influenced by the dominant growth form, e.g. 
woodland, prairie, moor, savanna; his is the criterion least susceptible to exact 
description. 

6. Pattern of the constituent species - refers to the spatial distribution of 
individual species. 

7. Various constants (in a mathematical sense) and indices derived directly or 
indirectly from other criteria used, e.g. diversity indices and stand similarity 
indices derived from abundance data. 

Measures of Cover and Density 

Cover 

Cover is defined as the proportion of the ground occupied by perpendicular projection on 

to it of the aerial (above ground) parts of individuals of the species under consideration 

(Greig-Smith, 1983). It is in fact an estimation of the area covered by a given species, 

usually expressed as a percentage of the total area and estimated from a number of sample 

points (Kershaw and Looney, 1985). A "plotless" method for measuring cover is using a 

one-dimensional line transect (Mueller-Dombois and Ellenberg, 1974). Section 2.3 

describes the LCTA method for measuring cover in this way. Relative cover is the cover 

a species within a given stand as a proportion of the cover of eill species. 
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Density 

Density is defined as the number of individuals per unit area. Usually, the number of 

individuals within a series of randomly distributed quadrats are counted. Then, the 

average number of individuals is calculated to give the density relative to the size of the 

quadrat used (Kershaw and Looney, 1985). Relative density is the number of individuals 

of a species within a given stand as a proportion of total nimiber of individuals of all 

species. Relative density of a species is calculated by dividing the number of individuals 

of that species in a stand by the total number of individuals of all species in the stand and 

then multiplying the result by 100. 

Dominance 

Dominance is sometimes used in the literature as a synonym for cover, but is also used to 

indicate that a dominant species has the highest scores in either cover, abundance, or 

frequency (Kiichler and Zonnenveld, 1988). Daubemnire (1968) lists five principal 

methods of measuring dominance, each of which is more useful in certain types of plant 

communities than in others. These methods include: cover, basal area, line interception, 

volume, and productivity. According to the Forest Ecology Working Group of the 

Society of American Foresters (http://www.fw.vt.edu/zedaker/3364/ecolterms.html) 

dominance is defined as: 1) In general, the influence of a dominant species; and 2) more 

specifically, the influence that a species exerts over a community, measured, for example. 

http://www.fw.vt.edu/zedaker/3364/ecolterms.html
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by its mass or its basal area per imit area of ground surface or by the proportion it forms 

of the total cover, mass, or basal area of the community. 

Frequency 

The frequency of a species is the probability of finding it within a given plot. This is done 

by taking a number of smaller plots, in sufficiently large nxmibers to give statistically 

significant results, and noting the occurrence of taxa in each. The number of smaller plots 

in which a particular species occurs is the frequency of the species (Kuchler and 

Zonnenveld, 1988). For example, if a plot is divided into 100 1-m^ quadrats in a given 

study area and a particular species is found in 30 of these quadrats, then the frequency is 

said to be 30%. Greig-Smith (1983) differentiates between shoot and rooted frequency. 

The former is obtained by considering a species present when any part of an individual of 

that species occurs in the quadrat, while the latter only includes a species present when it 

is actually rooted within the area of the quadrat. 

Braun-Blanquet Rating System 

Braun-Blanquet (1927, 1932) developed two ordinal scales for qualitatively describing a 

stand of vegetation. One scale uses the number and cover of a species and the other scale, 

termed sociability, gives a measure of the grouping of a species (Kershaw and Looney, 

1985): 
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+ = sparsely or very sparsely present; cover very small 
1 = plentiful but of small cover value 
2 = very numerous, or covering at least 5% of the area 
3 = any number of individuals covering 25-50% of the area 
4 = any number of individuals covering 50-75% of the area 
5 = covering more than 75% of the area 

Soc. 1 = growing singly, isolated individuals 
Soc. 2 = grouped or tufted 
Soc. 3 = in small patches or cushions 
Soc. 4 = in small colonies, in extensive patches, or forming carpets 
Soc. 5 = in pure populations 

3. 3 Direct Gradient Analysis and Ordination 

Direct Gradient Analysis and Ordination: Overview 

In gradient analysis samples from plant communities may be arranged in sequence by 

their positions along a gradient of environment such as elevation. Changes in species 

populations and community characteristics in samples are then related to changes in the 

environment (Whittaker, 1973). Since a defined gradient is being measured, gradient 

analysis is often called direct gradient analysis. According to Gauch (1982) direct 

gradient analysis is important in that it provides a foundation for community ecology. It 

provides: 1) the primary observational basis for ecological models of commimity 

structure; and 2) relatively well-understood field data sets, which are then appropriate for 

testing multivariate methods because the expected results are known to a fair degree. 

Gauch says, however, that direct gradient approaches must be complemented with 

additional approaches because: 1) in the more difficult cases, the important environmental 

factors may not be evident, making it impossible to apply direct gradient analysis; 2) the 
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investigator's preliminary choice of environmental gradients may be justifiable and 

adequate for some purposes, but studies demanding a high level of objectivity may 

require other approaches; and 3) vegetation data alone, apart from any environmental or 

other data, can be used to study the environment. 

The term "ordination" was coined by Goodall (1954) and has been called indirect 

gradient analysis and multidimensional scaling. It is defined by Whittaker (1973) as the 

arrangement of samples in terms of abstract axes (directions of community variation that 

may or may not correspond to environmental gradients). These axes are derived from 

measurements of sample similarity or species correlation. According to Whittaker, direct 

and indirect gradient analysis are not greatly different and there is a continuum of 

methods from 'pure' indirect to pure 'direct' analyses, with various combinations 

inbetween. For this discussion, however, ordination and direct gradient analysis will be 

considered separate. Indeed, according to Gauch (1982) direct gradient analysis is quite 

different from ordination and classification (numerical) in that direct gradient analysis 

involves simple graphing procedures, whereas ordination and classification usually 

require sophisticated mathematics and computers. The general purpose of both direct 

gradient analysis as well as ordination and classification is the same, however, namely to 

summari2K and reveal the structure in multivariate data (Gauch, 1982). However, indirect 

gradient analysis has some advantages over direct gradient analysis (ter Braak, 199S). 

One advantage is that species compositions of stands are easy to determine (for indirect 
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gradient analysis) whereas it may be uncertain to which environmental conditions species 

react to and difficult to characterize these conditions exhaustively (as in direct gradient 

analysis). Species composition may therefore better indicate environmental conditions 

than any given set of measured environmental variables. Two, general patterns of 

coincidence of several species are of greater use in detecting species-environment 

relations than single species (as in direct gradient analysis). Occurrences of single species 

may be too unpredictable to discover the relation of its occurrence to environmental 

conditions by direct means. 

Methods of Ordination 

The Data Matrix and Conceptual Spaces 

The workings of ordination techniques are based upon manipulation of a samples 

(stands)-by-species data matrix using matrix algebra. The elements of the matrix are 

typically some abundance measure, such as relative cover or relative density, where the 

rows of the matrix represent stands or samples and the columns the abundance of species 

within each stand. Appendices II through V contain the relative cover and relative density 

matrices used in this study. Gauch (1982) describes five conceptual spaces that facilitate 

the understanding of ordination calculations. They are species space, stands space, sample 

dissimilarity space, species dissimilarity space, and ecological space. In species space (or 

stands in species space) the species of the data matrix may be represented by coordinate 

axes in a graph (axes are species), then the position of a stand is given, relative to these 
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axes, according to the amount of each species contained in the stand (Figure 3.1a). 

Conversely, the stands may be represented by the coordinate axes (axes are stands) and 

the position of a species is given, relative to these axes, according to the amount of that 

species contained in each stand (Figure 3.1b). This representation may be called samples 

space (or species in stands space (Causton, 1988)). Both species space and stands space 

contain the same information, differing only in the fact that the former has species for 

axes and samples for points and the latter stands for axes and species for points. 

To understand dissimilarity space the concept of dissimilarity needs to be examined. 

First, consider stand dissimilarity. By comparing the number and abundances of species 

in two different stands, a number can be calculated which reflects how dissimilar (or how 

similar) the two stands are. Conversely, by comparing the number of stands in which two 

species occur and the abundances in those stands, a species dissimilarity value can be 

calculated. By running such calculations for each possible pair of stands (or species), a 

secondary data matrix can be computed, which contains the dissimilarity (or distance) 

values for every pair of stands (or species). If stands are compared the result is a stand

by-stand dissimilarities data matrix. If species are compared the result is a species-by-

species dissimilarities matrix (Gauch, 1982). Given N stands (or species) there are [N(N-

1 )]/2 comparisons. The output dissimilarity matrix is square and symmetric with diagonal 

elements for self-comparisons of zero dissimilarity. Three common dissimilarity 

(distance) measures are percentage dissimilarity/distance/difference (PD), complemented 
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coefficient of community, also known as city-block distance or Manhattan metric (CD), 

and Euclidean distance (ED). The calculations for each are supplied in Appendix 1. ED, 

PD, and CD differ in the features of the commimity data emphasized. By squaring 

abundance values, ED emphasizes the larger abundance values in the stands-by-species 

data matrix; that is ED values are determined mostly by the dominant species (Gauch, 

1982). By considering only species presence or absence, CD has the opposite emphasis, 

giving minor and major species the same emphasis. The PD measure is intermediate, with 

a linear weighting of species abundances, emphasizing dominants somewhat, but still 

considering minor species (Gauch, 1973). It should be noted that while ED and CD are 

metric measures, PD is a non-metric measure. A metric measure or metric has the 

geometric properties of a distance, being subject to the triangle inequality axiom (Pielou, 

1984). This inequality states that the length of any one side of a triangle must be less than 

the sum of the lengths of the other two sides. So, when a metric measure is used to define 

the dissimilarity between two stands, the dissimilarities behave like distances. As a result, 

it may then be possible to plot the stands as points in a space of many dimensions with 

the distance between every pair of points being equal to the dissimilarity of the pair. 

However, when a nonmetric dissimilarity measure is used, this cannot be done. In the 

case of PD, Pielou (1984) suggests another measure, which he calls percentage 

remoteness (PR), that is computationally similar to PD, yet metric: 
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100 £ min (Aj^An,) 
PRjk = 100-RI where RI = Smax(Ajj + Aaj [1] 

RI being Ruzicka's index of similarity (Goodall, 1978). 

Now, stand dissimilarity space uses stand dissimilarities as axes and stands as points, 

whereas species dissimilarity space uses species dissimilarities as axes and species as 

points. In a data set with 200 stands and 30 species, stand dissimilarity space has 200 

dimensions and 30 points (axes), whereas species dissimilarity space has 30 dimensions 

and 200 points (axes). Similarly, the original data can be represented by 30 points in 200-

dimensional stands space or 200 points in 30-dimensional species space. In regard to 

these four spaces, it needs to be noted that while the original stands-by-species data 

matrix (stands and species spaces) represent the full information content of the abundance 

values, species dissimilarity space contains information on species only and stand 

dissimilarity space contains information on stands only. 

The fifth space is ecological space, with environmental gradients as axes (Gauch, 1982). 

The points plotted within ecological space may be of many kinds, including stands, 

species, and community-level variables. This space is essentially used in direct gradient 

analysis. 
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Basis of Ordination 

As described in 3.2, stands and species spaces fully represent the abundance values of the 

original stands-by-species data matrix. However, both stands space and species space are 

of many dimensions and thus impossible to visualize or inspect. According to Gauch, 

(1982) the simplest solution to this problem is to project the original high-dimensional 

species space (or stands space) onto a space of fewer dimension (e.g. two or three) so that 

the distribution of stands (or species) can be inspected. When this is done, structure along 

the chosen two or three axes will be visible and structure in other dimensions will be lost. 

However, if the stands (or species) lie at random, thousands of different projections are 

possible and none is especially better or worse than others are; consequently, projection 

into fewer dimensions will be of little values. On the other hand, if the structure of stands 

(or species) is concentrated in two or three dimensions (because other dimensions are 

correlated with these), then projections along these dimensions will show much more of 

the original structure than less-favored projections. Hence, certain projections will show a 

fairly accurate look at the structure of the stands (or species) in two or three dimensions, 

often by way of two-dimensional graphs. The process of creating these projections is 

called ordination. Ordination, therefore, is an important means of data reduction. In the 

next section four important ordination methods that will be applied to the LCTA plot data 

will be introduced. These methods include Principal Component Analysis, 

Correspondence Analysis, Detrended Correspondence Analysis, and Non-metric 

Multidimensional Scaling. 
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Ordination Methods 

Principal Component Analysis 

Principal Component Analysis (PCA) was developed independently by Pearson (1901) 

and Hotelling (1933), though Goodali (1954) was the first to apply PCA to ecological 

data. PCA in an ecological context was the first ordination technique in which ordination 

scores were derived from the data matrix alone. Other ordination techniques (e.g. 

weighted averaging and polar ordination) required the selection of weights, endpoint 

selections, etc. (Gauch, 1982). PCA also has the advantage of simultaneously ordinating 

stands and species in one analysis. Together, species and stands ordinations can better 

indicate the complexes of environmental factors that determine plant distribution than 

direct measurements of environmental variables. 

PCA is an eigenanalysis technique that can be described in matrix algebra terms. 

Eigenanalysis involves scaling and rotating a data matrix X for ecological or other 

purposes (Pielou, 1984). The first step in the PCA transformation is to create a 

covariance matrix from the original stands-by-species data matrix. The square covariance 

matrix contains the variance of each stand along the diagonal of the matrix and the 

covariance between different stands elsewhere in the matrix. Next, an eigenanalysis of the 

covariance matrix is carried out to generate eigenvectors and eigenvalues. Each 

eigenvectors contains cosines that specify the direction of the PCA axis in species space 

(i.e. the stands scores) whereas an eigenvalue is equal to the variance accounted for by an 
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axis. To get the species PC A scores, the stands scores (eigenvector values) are multiplied 

by the original data matrix. 

The result of PC A is the rotation of the initial coordinate axes into new axes that make 

the data more interpretable (Pielou, 1984). The new principal axes are mutually 

perpendicular with the first axis containing the greatest eunount of variance possible, 

while subsequent axes contain successively smaller amounts of the remaining variance. 

The new coordinates of the data points along these axes are known as principal 

component scores. It should be noted that PCA can also be carried out using the 

correlation matrix in place of the covariance matrix. By using the correlation matrix, the 

data are rescaled to a standard scale (i.e. data standardized by species to unit variance). If 

the data are not standardized, uncommon species may be obscured by conunon or 

abundant species in an analysis. 

One advantage of PCA is that it preserves Euclidean distance as it relates to a linear 

response model in which the abundance of any species either increases or decreases with 

the value of a latent environmental variable (ter Braak, 1995). Unfortunately, the 

underlying data model of PCA as a method of ordination to detect environmental 

influences does not take into account the normal-curve relationships between species 

success and the environment, nor the ecological ambiguity of species absent in a stand 

(Beals, 1973). According to Hotelling (1933), to be strictly applicable, a data set must 
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meet several assumptions of the PCA model. The most significant assumption is that the 

components have normal distributions and be uncorrelated. However, field data sets 

rarely, if ever, meet such requirements precisely (Gauch, 1982). PCA also sufiTers from 

the horseshoe effect, which is a severe case of the arch effect discussed below. 

Correspondence Analysis (Reciprocal Averaging) 

Correspondence Analysis (CA) was developed independently by several researchers 

including Hirschfeld (1935), Fisher (1940), and Hill (1973, 1974) among others. CA is 

also known as reciprocal averaging, reciprocal ordering and other terms (see Legendre 

and Legendre, 1998, p 451). The term reciprocal averaging (Hill 1973, 1974) is fitting as 

species ordination scores are averages of the stand ordination scores and reciprocally, the 

stand ordination scores are averages of the species ordination scores. However, CA is the 

more common term and will be used in this dissertation. Like PCA, CA can be viewed 

geometrically as the derivation of new axes that maximally account for the structure of a 

multidimensional cloud of points. CA, like PCA, can operate on a vegetation dataset 

without the selection of endpoints, weights or incorporation of envirormiental data. 

As an ordination technique, CA is a compromise between emphasis on samples and 

emphasis on species, though CA treats rare species and species in stands with low total 

abundances as extremely distinctive. This requires that these species and stands should be 

deleted from a data set where appropriate. There are two main methods for carrying out 



CA (Legendre and Legendre, 1998): traditional eigenanalysis and the reciprocal 

averaging method of Hill (1973). 
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In comparison to PCA, CA better depicts the interrelationship of stands (Gauch, 1982; 

Pielou, 1984). However, CA suffers from two major "faults", the arch effect and 

compression of the first CA axis, both of which hinder interpretation of results (Gauch, 

1982; Hill and Gauch, 1980). According to Gauch (1982), these two problems are 

intertwined and arise from a discrepancy between the underlying model of CA and the 

mathematical properties of communities as exemplified in the Gaussian model of 

community structure. According to the Gaussian model of commimity structure, all 

species respond independently of one another to a gradient (e.g. an elevation gradient). 

The response of any one species can be represented by a Gaussian curve (unimodal 

response model), where the quantity of a species reaches a maximum at some value of an 

environmental gradient and declines on either side (Figure 3.2). How the ordination 

results will look will depend on how one samples this gradient. If a long transect is used, 

in a two-dimensional ordination the results will reflect the non-linear response of the 

species to the gradient; i.e. they first increase and then decrease. However, a short 

transect may only capture a monotonic response of the species over the gradient; i.e. 

either an increase or a decrease (Figure 3.2). If a number of a short transects are used in 

an ordination, the result may be an arch effect as in Figure 3.3. PCA suffers severely from 

this arch effect on both the first and second ordination axes so that the ends are involuted. 
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forming a horseshoe. CA also suiTers on both axes, although on the first axis the stands 

are depicted in their correct ecological ordering. Hill and Gauch (1980) explain the arch 

effect simply as a mathematical artifact that does not correspond to any real structure in 

the data. It arises because the second axis (canonical variate) of CA is constrained to be 

uncorrelated with the first axis, but not constrained to be independent of it. As a result, 

the arch causes a strong, undesired, systematic relation of the second axes to the first. 

Gauch (1982) says that for the axes to be separately interpretable, they need to be 

independent as well as uncorrelated. Other ecologists, disagree, however, and consider 

the arch to be a fundamental property of the data. 

The second major "fault" of CA is that it does not preserve ecological distances. Pairs of 

stands or species with equivalent compositional distances appear farther apart in the 

middle of the first CA axis than they do towards the end. In other words, species curves 

tend to be narrower near the ends of the axes (ter Braak, 1995). The ends of the first CA 

axis are thus compressed as in Figure 3.3. 

If a species has a unimodal response curve along the axes of ecological variation 

(represented by the ordination axes), the optimum for that species should be close to the 

point representing it in the ordination diagram. Furthermore, its abundance or frequency 

of occurrence should decrease with distance from that point (Legendre and Legendre, 

1998). Species that are absent from most sites often appear at the edge of the scatter plot 
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formed by two ordination axes, near a point representing a stand where they happen to be 

located. This may be by chance or because they are favored by some rare condition 

occurring at that site (Legendre and Legendre, 1998). Species found away from the center 

of the scatterplot, but not near the edges, that are the most likely to display clear 

relationships with the ordination axes (ter Braak, 1995). 

Detrended Correspondence Analysis 

Detrended correspondence analysis (DCA) is an enhancement of reciprocal averaging 

(i.e. correspondence analysis) that avoids its two major drawbacks (Hill and Gauch, 

1980). The name derives from the detrending which is carried out on reciprocal averaging 

axes to remove the arch. To remove the arch effect, the orthogonality criterion for second 

and higher axes of CA is replaced in DCA with the stronger criterion that second and 

higher axes have no systematic relations of any kind to lower axes, as implemented by 

detrending (Gauch, 1982.) 

The method of detrending is the division of Axis-1 into a number of segments, and within 

each segment, the Axis-2 scores are adjusted to have an average of zero (i.e. each stand 

score within a particular segment on the second axis is adjusted by subtracting the mean 

score of stands within that segment). Detrending is applied to the stand scores at each 

iteration until convergence is reached. When convergence is reached, the stand scores are 

derived by weighted averages of the species scores without detrending. For the third axis. 
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Stand scores are detrended with respect to the second axis as well as the first. A similar 

procedure can be carried out for higher axes. 

As mentioned above, CA also suffers from compression of the first axis ends as 

compared to the axis middle. In order for distances in the ordination space to have a 

consistent meaning in terms of the compositional difference of stands (or distributional 

difference of species), the axis needs to be stretched out a bit (Gauch, 1982). DC A does 

this by expanding or contracting small segments along the species ordination axis 

(rescaling) such that species tumover occurs at a uniform rate (i.e. the species ordination 

is expanded in segments with sites that have small within-site variance and contracted in 

segments that have high within-site variance). Because of this, equal distances in the 

species ordination will correspond to equal differences in species composition. At the 

same time, an attempt is made to equalize the average within-stand dispersion of the 

species scores at all points along the stand ordination axis. 

In summary, DCA is correspondence analysis with detrending, in place of 

orthogonalization, for second and higher order axes. This is followed by rescaling of all 

axes based on standardization to unit within-sample variance. According to Gauch 

(1982), the importance of DCA's ability to correct CA main two faults is better 

appreciated when it is emphasized that these faults are also foimd in most other ordination 

techniques, including polar ordination and PCA, as well as in nonmetric 
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multidimensional scaling, principal coordinates analysis, factor analysis, and canonical 

correlation analysis. 

Criticisms of DCA 

DCA has been said to have the advantage of eliminating the arch effect in second and 

higher axes and scale compression in all axes. However, it has been suggested that the 

arch is NOT a mathematical artifact and is, in fact, an accurate representation of distances 

between plots. Since DCA eliminates this arch, it has been suggested that DCA is no 

better and perhaps worse than traditional methods of ordination (Wartenberg et al., 1987). 

However, Wartenberg et al. restricted their study to a one-dimensional gradient. Peet et 

al. (1988) counter that the order infomiation contained in the CA arch is already largely 

present in the first CA ordination and that the polynomial relationship of the second axis 

with the first axis may mask information about additional dimensions of variation in the 

original data. They say that the detrending step in DCA is designed to remove the 

information already accounted for by the first axis so that any additional information can 

be more clearly seen and more readily interpreted. Jackson and Somers (1991) agree with 

Peet et al. (1988) that is necessary to examine higher dimensions (i.e. higher axes); 

however, they emphasize that by differing the number of segments used in detrending 

different results can be produced. 
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Wartenberg et al. (1987) also disagree with the rescaling of axis by DC A. With rescaling, 

stands (and species) become evenly spaced along the ordination axis. The assumption 

would then be that each species appears and disappears at the same rate everywhere along 

an environmental gradient. Thus, a Gaussian, unimodal distribution with homogeneous 

variances is seen to be an adequate index of that rate. However, Wartenberg et al. (1987) 

believe that rates of species turnover along environmental gradients may not be constant, 

that all species need not be treated as equals, and that all methods of rescaling are 

arbitrary. Peet et al. (1988) agree that all methods of rescaling are arbitrary, but that axes 

produced by DC A axe as readily interpretable as axes produced by other methods and 

more readily interpretable than most. In other words, distance along a gradient (with 

rescaling) can be interpreted in terms of compositional change or turnover and can be 

more easily understood in light of environmental data. Legendre and Legendre (1998) 

mention that the length of the first DCA axis is a useful method for estimating the length 

of ecological gradients. This is because the axes are scaled in units of the average 

standard deviation of species tumover (Gauch, 1982). 

Another caveat to the use of DCA is that it doesn't ordinate species as well as stands. 

According to Hill and Gauch (1980, p. 56): "The placing of species whose optima lie 

outside the range of habitats sampled is unreliable. Species ordinations can also be 

unreliable when there is a strong crossed gradient at one end of the axis but not at the 

other - e.g. when a moisture gradient expresses itself only at lower elevations. In this 
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case, the species ordination at the variable end of the gradient can be excessively 

polarized." 

Finally, according to Legendre and Legendre (1998): "When the data are controlled by a 

single environmental gradient, detrending is useless. Only the first ordination axis is 

meaningful, subsequent axes being meaningless combinations of the first.... Present 

evidence suggests that detrending should be avoided except for the specific purpose of 

estimating the lengths of gradients... DC A should be avoided when analyzing data that 

represent complex environmental gradients." 

Nonmetric Multidimensional Scaling 

Nonmetric multidimensional scaling (NMDS or MDS) was derived by psychometricians 

Shepard (1962, 1966) and Kruskal (1964a, b). In contrast to the ordination methods 

described above where attempts aiG made to preserve distance relations between objects 

(stands, species) afiter dimension reduction, in NMDS the exact preservation of distances 

is not important, just the relative distances. NMDS is actually a family of related 

ordination techniques whose central theme is the use of rank order in a dissimilarity 

matrix (Gauch,1982). Thus, the intention of NMDS is to replace the strong and 

problematic assimiption of linearity of species response curves to environmental gradients 

with an assumption of monotonicity. According to Gauch 1982: "Nonmetric ordinations 

assume monotonicity, which is a weaker and better assumption than linearity but is still 
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unrealistic for handling the Gaussian curve, which is ditonic. Consequently, it is no 

surprise that nonmetric ordinations are much like principal components analysis results 

and suffer from the same arch distortion." Gauch further says that NMDS only gives 

effective results for "easy" data sets with low diversity, for which species response curves 

are short segments of a Gaussian curve and thus mostly monotonic. In contrast, Minchin 

(1987) says Gauch confused the model of species' responses to gradients with the model 

of the relationship between ordination distance and compositional dissimilarity, to which 

the monotonicity assimiption of NMDS refers. In other words, NMDS does not make a 

direct assumption about the form of the species response fimctions; i.e., NMDS does not 

assume monotonicity. Ter Braak (1995) suggest that it is unclear to what species response 

models NMDS can cope with and that whether or not NMDS can detect a particular 

underlying data structure depends in an unknown way on the chosen dissimilarity 

coefficient. Support for NMDS comes from simulated studies by Minchin (1987) and 

Kenkel and Orloci (1986), that suggest that NMDS is superior to DC A in recovering 

complex gradients. 

NMDS is an iterative search for a ranking and placement of n entities (stands or species) 

on k axes that minimizes the stress of the k-dimensional configuration (McCune and 

Mefford, 1997)."Stress" is a measure of the degree of departure from monotonicity in the 

relationship between the dissimilarity (distance) in the original dimensional space and 

distance the reduced k-dimensional space. NMDS can have two general variations -



global and local. In the global variation, a configiiration is derived in which the distances 

between pairs of sample points are, as far as possible, in rank agreement with their 

compositional dissimilarities (Minchin, 1987). In the local variation, the distances from 

each sample point to all other sample points in the ordination should be in rank order with 

the compositional dissimilarity between that sample and each other sample. This variant 

allows the possibility that the increase in compositional distance with environmental 

distance may differ in different parts of the ordination space. 

The interpretation of a NMDS is different from the other metric ordinations mentioned. 

Axis numbers are arbitrary so that successive axes do not contain a decreasing amount of 

variance. In fact, the nature of a particular axis will also depend on the number of axes 

generated in the analysis. For example, the first axis of a three-dimensional ordination 

will not be the same as the first axis of a two-dimensional ordination. 
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3.4 Methods of Numerical Classification 

Overview 

Since computers became widely available to ecologists around 1960, development and 

application of computerized classification techniques were used extensively to reduce the 

following three limitations of early techniques: 1) subjectivity, 2) the time required to 

train individuals in the "art" of classification, and 3) the impracticality of classifying large 

data sets over about 100 stands because of the laboriousness of classification methods 

(Gauch, 1982). 

The process of computer classification is essentially the summarization for each stand of 

the information in many numbers (species abundances) into a single number (a cluster 

assignment). Clearly there are countless ways in which numbers can be summarized into 

one number (Gauch, 1982). Various schools of classification have emphasized dominant 

species, minor species, individual species, groups of species, characteristic species 

(occurring only in a single community type) or overall species composition (Whittaker 

1962). Equal emphasis on all species is characteristic of most multivariate methods 

(Goodall 1953) for the following reasons; 1) it results in clearly objective analysis, 2) it 

results general purpose classification rather than special-purpose classification, and 3) it 

is basically a single perspective whereas unequal emphasis results in innumerable 

variations in perspective. As with ordination, a numerical classification uses the stands-

by-species data matrix. Classifiers can defined according to the strategy of how the 
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arrangements of stands are made and by the numerical basis upon which the strategy 

works (Causton, 1988). 

In general, ordinations can be used as complements to clustering (classification) analyses 

(Legendre and Legendre, 1998). This is because ordinations in reduced space elucidate 

general gradients in the data by considering the whole variability of the association 

matrix, whereas clustering investigates pairwise distance among objects (stands), looking 

for fine relationships. Sneath and Sokal (1973) suggest that one should always 

simultaneously carry out clustering and ordination on a data set. 

Strategies of Numerical Classification 

Strategies of classification based upon stand arrangement can be divided into hierarchical 

and non-hierarchical classification. In the former, the stands are not only assigned to a 

specific class, but also arranged into a hierarchy. In non-hierarchical classification, stands 

or species are assigned to clusters and relationships among these clusters are not 

characterized. According to Causton (1988) they have been scarcely used in ecology. 

However, Gauch (1982) says that rapid initial non-hierarchical clustering makes large 

data sets tractable and Legendre and Legendre (1998) say that non-hierarchical methods 

are very useful in ecology, though hierarchical methods are easier to compute and more 

often available in statistical packages. 
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At this point it should be mentioned that different authors regard these classification 

methods differently. Causton (1988) and Gauch (1982) generally divide the classifiers 

into hierarchical versus non-hierarchical, further subdividing hierarchical methods into 

agglomerative versus divisive and monothetic versus polythetic methods. In contrast, 

Pielou (1984) divides classifiers into those that perform clustering versus those that are 

divisive. Legendre and Legendre (1998) use the conceptual models of Sneath and Sokal 

(1973) to consider all classifiers to be clustering algorithms, with the following 

dichotomies: 1) sequential versus simultaneous algorithms, 2) agglomeration versus 

division, 3) monothetic versus polythetic methods, 4) hierarchical versus non-hierarchical 

methods, and 5) probabilistic versus non-probabilistic methods. Gauch (1982) lists some 

properties useful for developing a classification of classification. Ones not mentioned by 

Legendre and Legendre (1998) include: 1) formal versus informal, 2) quantitative versus 

qualitative data, 3) general versus special purpose, 4) dual versus single, 5) linear versus 

rapidly rising computer requirements, and 6) robustness. As most classifiers are 

hierarchical polythetic and either agglomerative or divisive, the following sections will be 

mostly concerned with these aspects of classification. Following Pielou (1984), 

hierarchical agglomerative polythetic classification will be referred to as clustering and 

hierarchical divisive polythetic classification will be known simply as classification. 

[Note: polythetic classification techniques use the entire species compositions of a stand 

in deciding how that stand will be classified, as opposed to monothetic techniques in 

which only a single species is considered.] 
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Hierarchical Agglomerative Classification (Clustering) 

With a stands-by-species data matrix, a clustering algorithm begins by treating each stand 

as a cluster with a single member. Then, in an iterative procedure, the two most similar 

clusters (stands) are successively joined to form a new cluster leaving (n-1) clusters 

remaining. The two most similar clusters in the (n-1) population are then joined so that 

(n-2) clusters remain. The next two most similar clusters from the (n-2) population are 

then joined and so on until one cluster remains. Note that as clustering proceeds, clusters 

can have any number of members. In order to carry out this process, however, two 

decisions are made (Pielou, 1984): 

1. How shall the similarity (or the converse, dissimilarity or distance) between 
two individual stands be measured? 

2. How shall the similarity between two clusters be measured when at least one 
and possibly both clusters have more than one member stand? 

The first question can be answered by using one of the dissimilarity measures described 

in 3.21, i.e. Euclidean distance, percentage difference (percentage dissimilarity), or city-

block distance. There are also several methods for answering the second question. Gauch 

(1982) and Pielou (1984) mention nearest-neighbor clustering (single-linkage, or 

minimum), furthest-neighbor (complete-linkage) clustering, average linkage clustering 

and minimum variance clustering (minimization of within-group dispersion or Ward's 

Method). Legendre and Legendre (1998) list additional methods such as the general 

agglomerative clustering model and flexible clustering. The discussion below however, 

will focus on the first four methods mentioned. 



Nearest-Neighbor Clustering 

In nearest-neighbor clustering, the distance between two clusters is defined as the 

minimum distance that can be measured between any two members of the two clusters, 

where one point is in one cluster and the second point is in the other cluster. This method 

is not often used as it is prone to chaining, where early formed clusters grow by the 

accretion to them of single points one after another in succession (Pielou, 1984). This can 

result in clusters of disparate sizes. This may further cause the results to be sensitive to 

noise (Milligan, 1996). 

Furthest-Neighbor Clustering 

In the first iteration of furthest-neighbor clustering, the closest single-member clusters are 

initially joined. Subsequently, clusters are still joined to the nearest cluster (i.e. cluster 

with the smallest dissimilarity), however, in contrast to nearest-neighbor sampling, the 

dissimilarity is defined as the maximum distance between a point in one cluster and a 

point in the other. This tends to give clusters of fairly even size, but where true natural 

clusters exist, the results of farthest- and nearest-neighbor clustering are usually very 

similar (Pielou, 1984). 

Average-Linkage Clustering 

Average-linkage cluster defines the dissimilarity between clusters as the average distance 

between all pairs of members in one cluster versus the average distance of the members 



of another cluster. In short, clusters with the lowest average distance between them will 

be joined. Since there are several ways to compute an average (Gauch, 1982) there are 

several different average-linkage techniques. According to Gauch (1982), the most 

common technique is the unweighted pair-groups method (UPGMA), which uses the 

simple, unweighted, arithmetic average. Sneath and Sokal (1973) reconmiend UPGMA 

for hierarchical classification when there is no specific reason for choosing some other 

technique. 

Legendre and Legendre (1998) divide average (linkage) clustering into arithmatic average 

and centroid clustering methods. The former includes UPGMA as well as weighted 

arithmetic average clustering (WPGMA), while the latter includes unweighted centroid 

clustering (UPGMC) and weighted centroid clustering (WPGMC). Pielou (1984) refers to 

these four methods as unweighted group average methods, weighted group average 

method, centroid method, and median method respectively. 

Minimum Variance Clustering 

Ward's (1963) minimum variance method is similar to average-linkage clustering, but 

instead of minimizing an average distance, the minimum of a squared distsince weighted 

by cluster size is used to join clusters. In other words the minimum variance method 

entails the joining of clusters, where each fusion yields the least increase in within-cluster 

dispersion. The within-cluster dispersion of a cluster of points is the sum of the squares of 
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the distances between every point and the centroid of a cluster. The centroid of a cluster is 

the point representing the average stand of the cluster; i.e., the hypothetical stand 

containing the average quantity of each species, where the averaging is over all cluster 

members (Pielou, 1984). Legendre and Legendre (1998) refer to this as the minimization 

of an objective function. In minimum variance clustering distances are computed as 

squared Euclidean distances. Initially, each stand forms a cluster of its own, so that the 

distance of a stand to its cluster's centroid is 0 and so the sum of all the distances to the 

cluster centroid is also 0. In the next step clusters are joined whose fusion increases as 

little as possible the simi, over all stands, of the squared distances between the stands and 

cluster centroid. 

According to Legendre and Legendre (1998), Ward's method is used in ecology when 

looking for hyperspectral clusters in "A-space". A-space is defined be Legendre and 

Legendre (1998) as space where "objects may be represented along axes which 

correspond to the descriptors." In other words, the axes are the species and the objects are 

the stands. 

Hierarchical Divisive Classification 

Hierarchical divisive classification begins with all stands together in one class or cluster. 

This single class is successively subdivided until either each stand (or some specified 
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number of stands) is in a separate class. Perhaps the two most hierarchical divisive 

classifiers are those that partition ordination space and TWINSPAN. 

Ordination Space Partitioning 

Ordination space partitioning is the simplest polythetic divisive classification (Gauch, 

1982). Gauch and Whittaker (1981) recommend using a DC A ordination for "the 

positioning of sample points in a low-dimensional space" because DCA is especially 

robust and effective. Successive partitions are then drawn in the ordination to generate the 

divisive hierarchical classification. These partitions may be drawn subjectively on the 

ordination graphs by hand. According to Gauch (1982) subjective partitions can be 

particularly useful when: 1) divisions through sparse regions of the cloud of sample 

(stand) points are desired, because none of the other clustering techniques can take sparse 

regions into consideration, 2) field experience or previous analyses have provided a 

general understanding of the data that the investigator wants to incorporate into the 

analysis but cannot specify precisely or supply to a computer, and 3) subjective clustering 

(classification) is sufficient for the purposes of a given study. 

Legendre and Legendre (1998) describe the partition of a PCA ordination; using the first 

PCA axis, sample points are divided into those that have positive values and those that 

have negative values. PCA is repeated for both of these groups, each of which is divided 

as before. This process is repeated until the desired number of classes is obtained. 
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Two-Way Indicator Species Analysis (TWINSPAN) 

TWINSPAN is similar to ordination space partitioning in that it uses the first axis of 

correspondence analysis as the basis for classifying stands. However, TWINSPAN uses 

indicator species analysis as the method for partitioning not only stands but species as 

well. In TWINSPAN, the stands-by-species data matrix is first ordinated with CA. The 

first C A axis, coinciding with the direction of the maximimi spread of the data, is then 

divided by its centroid (Figure 3.4) and five indicator species are chosen. 

A 

X X  X X X X X  X X X  X  X  

c 

- 3  - 2 - 1 0 1 2  3  

Figure 3.4 - Indicator species analysis is a classification scheme based upon the first axis of a stand 
ordination. The axis is initially divided by its centroid (mean of stand scores - line CA). The left side 
of the dichotomy is then referred to as the negative side and the right side as positive. Each x in the 
figure above represents a stand. By examination of the distribution of species within the stands on the 
negative side versus the distribution of species on the positive side, it is typically found that some 
species are restricted to either the negative or positive group, that others are more or less restricted to either 
the positive or negative sides, while other species will show no preference whatsoever. If the 
first ordination axis really does reflect the major underlying floristic and hence environmental 
gradients then the position of species tending to occur near one end or the other should be 
characteristic of environments at opposite ends of the gradient. Such species are known as indicator species 
(Causton (1988), Bunce et al. (197S)). In this procedure, stands and species on each side of 
the split CA axis are then ordinated again. The first CA axis of each of these ordinations is once 
again analyzed for indicator species. This process continues until a specified number of divisions 
has occurred. (Figure afler Causton (1988).) 
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The procedure described in the caption under Figure 3.4 relies on merely the presence or 

absence of Indicator species. To be able to use quantitative data, the concept of 

"pseudospecies" was introduced. Pseudospecies approximate quantitative abundance data 

by creating number of variables (pseudospecies) that represent abundance classes. 

Pseudospecies cut levels are then used to define the ranges of the abundance classes. For 

example, five pseudospecies are chosen with "cut" levels set to 1%, 10%, 30%, 50%, and 

75%, representing abundance ranges 0-1%, 2-9%, 11-29%, 30-49%, and 50-74%. In this 

scheme, a relative abundance of 32% for a stand will fill the first, second and third 

pseudospecies vectors with 1, indicating presence. Thus, the number of pseudospecies 

used for any one species in a stand is proportional to the abundance of that species in that 

stand. Since there is a redundancy introduced with pseudospecies, a rule was introduced 

into TWINSPAN that considers only the highest pseudospecies as an indicator species. 

Criticisms of TWINSPAN 

Belbin and McDonald (1993) criticize TWINSPAN because the procedure assimies that a 

strong gradient dominates the data structure, so that it may fail to identify secondary 

gradients or other types of structure in data sets. They also say that the division of the 

first axis is arbitrary, so that those stands that may be very close in species composition 

may become separated. 
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Methodology 

3.6 Ordination and Classification of LCTA Data 

Transformation of LCTA Data Tables into Stands-by-Species Matrices 

Six major approaches to the analysis of the LCTA data were taken with the objective of 

understanding and classifying the ecologic and environmental differences among 

permanent plots. Ordination and classification were based on: 1) line transect data alone, 

2) belt transect data alone, 3) line transect data with environmental data, 4) belt transect 

data with environmental data, 5) line transect data and belt transect data, and 6) line 

transect data and belt transect data with environmental data. In the last two approaches, 

line and belt transect data are combined to form relative importance values. Although the 

total data set contained a total of 206 transects, only 198 were used as plots 198 to 206 

were designated as special use plots, and therefore not appropriate to include. 

Creation of Relative Cover Tables 

To generate a relative cover stands-by-species matrix the LCTA line transect data (Table 

AERCOVER) was transformed. Table AERCOVER contains four main colunuis (Table 

2.2). These coliunns are PLOTID, VEGLOC, VEGID, and VEGHT. PLOTID is the 

number of the plot, VEGLOC is the sampling point along the 100-m transect, VEGID is 

the ground or vegetation cover encountered at each sampling point, and the VEGHT is 

the height of the vegetation at the sampling point. Note that each sampling point can have 

multiple entries. Using Microsoft Excel, this table was transformed into a stands-by-
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species data matrix, where rows are plots and columns are species. In an initial data 

matrix, perennial vegetation cover was divided into three height classes: O-O.Sm, O.S-

1 .Om, and > 1 .Om. These three height classes were deemed reasonable (M. McClaran, 

1999 personal communication) to capture the variation of height dififerences of Sonoran 

Desert vegetation as expressed in the LCTA data. Forbs, grasses, and other cover types 

(e.g. snags (dead woody vegetation)) were eliminated. One exception to this was the grass 

Hilaria Rigida (HIRI), which was included because of its abundance and perennial nature. 

The creation of the three-height class table was accomplished by going through the 

original AERCOVER LCTA table and converting all locations along each transect into 

ones. Then, for each species within each transect, the decimeter heights for each of the 

species were summed within the 0-0.5m, 0.5-1 .Om, and > 1 .Om classes. In this data 

matrix, then, each species could have up to 3 entries, one representing each of the height 

classes (e.g. LATRl, LATR2, and LATR3 for 0.0-0.5m, 0.5m-1.0m, and > 1.5m height 

classes respectively). For example, on some transect LATR could be sampled at 22.5m, 

36.0m, and 84.0m at 0.6,0.6, and 0.8 meter heights respectively. Here, all 3 VEGHT 

heights fall within the 0.0m to 1.0m range, so for that plot, LATR2 would be recorded as 

3. To calculate relative cover per vegetation height class, the number of hits per 

vegetation height class was divided by the total number of vegetation hits along the 

transect and then multiplied by 100 (Appendix II). The denominator in this equation was 

also calculated by summing only the topmost category per sampling location. For 
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example, if at 64-m on the transect vegetation was present in heights up to 1-m, then 

summation for that location would include only hits in the 0.5m to 2.0m height class. 

Followdng Gauch (1982) the next step was to delete species that occur in less than about 

5% of the samples. The justifications for deleting rare species include: 1) the occurrences 

of rare species are usually more a matter of chance than an indication of ecological 

conditions, and 2) most multivariate techniques are affected very little by rare species and 

some multivariate techniques perceive rare species as outliers, thus obscuring the analysis 

of the data set as a whole (Gauch, 1982). 

Finally, at the suggestion of J. Latimer (1988, personal communication) the coliunns of 

certain similar species were added together under a single species designation. HYSA 

(Hymenoclea Salsola) was merged with BEJU (Bebbia Juncea) under BEJU. Both of 

these plants are wash plants similar in morphology and thus difficult to differentiate 

between in the field. Under LYAN (Lycium Andersonii), LYAN and LYCIU (Lycium 

species - unidentified) were also merged for similar reasons. Likewise, OPEC (Opuntia 

echinocarpa), OP AC (Opuntia Acanthocarpa), and OPUNT (Opuntia species -

unidentified) were also merged, this time under OPUNT. These are cacti species, with 

OPUNT most likely being either OPEC, OP AC or a hybrid of OPEC or OP AC. 
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One experiment that was done using the line transect data was to calculate a relative 

cover matrix using ground categories as well as vegetation. This was calculated by using 

only the topmost vegetation hit at each sample point. Then, the rest of the cover for the 

relative cover calculations was calculated from the number of bare and rock hits out of 

the 100 sampling points along the transect. For example, if vegetation was sampled at 15 

locations along the transect, the remainder of the 85 sample plots would be either rock or 

beire soil cover. Initial clustering showed that rock and bare cover would totally dominate 

the results leaving no vegetation structure. The number of rock and bare hits was 

therefore downweighted by dividing by 10. Appendix III shows the cluster-sorted results 

using this matrix. The use of bare and rock categories in the calculations highlights the 

relative paucity of vegetation in this environment, as seen in the relative cover amounts of 

species in Appendix III. As this matrix is to a great extent influenced by bare and rock 

factors that may or may not be linked to vegetation distribution, it will not be discvissed 

further in this chapter. 

During ordination and classification runs additional data was added in various 

combinations to the three-height category data matrix. Unlike the matrix described above 

(Appendix III) these variables were not used in the relative cover calculations; instead 

they were simply added as an extra column or columns. These variables included: 

1. total forbs in the transect; 
2. total grasses in the transect; 
3. the general ground categories (GCATS) including: 

total number of plant hits/100 per transect (gcplant). 
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- total number of litter hits/100 per transect (gclitt), 
total number of rock hits/100 per transect (gcrock), 
total number of bare ground hits/100 per transect (gcbare); 

4. the following soil variables extracted from the LCTA SOILSMP table; 
total sand, total silt, and total clay content 
fine sand, medium sand, and coarse sand percentages of total sand 
content. 

5. total number of plants per transect. 

Creation of Relative Density Table 

To generate a relative density stands-by-species matrix the LCTA belt transect data (table 

BELTMON) was transformed. Table BELTMON contains seven main columns (table 

2.3). Using Microsoft Excel, this table was transformed into a stands-by-species data 

matrix. In the initial data matrix based upon the belt transect, the columns represent the 

total count of plants in all height categories per species for each plot. In a second matrix, 

these same data were expressed as relative density, by dividing the abundance (coimt) of 

one species in a plot by the number of individuals of all species in that plot and then 

multiplying by 100. (Note: the belt transect covers 600 m^ (6 m x 100 m) so the absolute 

and relative densities of each species are per 600 m^ unit area). Ordination and 

classification were later carried out on these two matrices, but the results were inferior to 

the results from the relative density matrix using three height categories, as described 

next, and will not be discussed further. 

The belt transect data were also converted into a relative density (per 600 m^ unit area) 

at three heights matrix using similar calculations as were done for the relative cover at 
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three heights matrix. In the relative density matrix, the five initial height categories from 

the BELTMON table were combined into 3 height categories per species: 0-1 m, l-2m, 

and > 2 m (Appendix IV). As with the relative cover classification, these heights were 

deemed reasonable to capture the variation in Sonoran Desert vegetation. As with the 

relative cover matrices, rare species were deleted using the 5% criterion. HYSA and 

BEJU, LYAN and LYCIU, and OPEC, OP AC, and OPUNT were also merged for the 

reasons given 

Relative density was also calculated by dividing each species into 1-m height categories 

up to greater than 4-m and used in ordination and classification. However, the results 

were less interpretable than those using only three height categories and will not be 

discussed further. During the ordination and classification runs of the three height 

category matrix, additional environmental and cover data were added as colunms to the 

matrix. These included the GCATS and environmentzd variables mentioned above. 

Creation of Relative Importance Value Matrix 

The relative cover and relative density tables (for single-height categories) were 

combined to form a relative importance value data matrix. This was constructed by 

simply adding the relative cover values of each species to the relative density values for 

each species in each plot. However, since some species that were sampled using the belt 

transect were not sampled using the line transect, two relative importance matrices were 
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constructed. In one, only species common to both relative cover and relative density 

matrices were added, with species present in only one matrix (typically the relative 

density matrix) discarded. In the other relative importance matrix, ail species were used. 

Both relative importance matrices were used in clustering, TWINSPAN, and ordination 

analyzes. However, results were generally poor and will not be discussed further. 

Deletion of Rare Species 

The final transformation of the data matrices before ordination and classification was the 

deletion of rare species. According to Gauch (1982) a typical criterion for deleting rare 

species is to delete those that occur in less than about 5% of the samples. This is the 

approach that was taken in this study. Some of the most important justifications for 

deleting rare species include: 1) the occurrences of rare species are usually more a matter 

of chance than an indication of ecological conditions, and 2) most multivariate techniques 

are affected very little by rare species and some multivariate techniques perceive rare 

species as outliers, thus obscuring the analysis of the data set as a whole (Gauch, 1982). 

Ordination and Classification 

The goal of this portion of the study was to examine ordination and classification results 

in combination in order to derive a suitable scheme for categorizing the vegetation at 

YPG. All ordination and classifications were done using programs in the PC-ORD 

package (McCune and Mefford, 1995). 
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Each data matrix was first classified using both a clustering algorithm and TWINSPAN. 

Subsequently, DCA ordination was carried out using the same data matrix. The plot-id of 

the new stand coordinates on the three ordination axes were then recoded as the 

categories created from the classification. These results were then displayed in graph 

form, i.e. ordination axes one and two, one and three, and two and three. Visual 

examination of these graphs allowed a quick assessment of how well the classification 

techniques employed could create discrete categories. If the categories from the 

classification tended to occupy similar areas in ordination space, then the particular data 

matrix used was kept for fiirther examination. Further examination included the 

application of additional ordination techniques (CA, NMDS, and PCA) to the data matrix 

and the recoding of the stand results to the class categories as before. 

Initial Ordination and Classification 

Despite reservations of some researchers on its usefulness (see 3.3), DCA has been 

popular among "practical" field ecologists (ter Braak, 1995). This popularity and the 

ability of DCA to present stand and species information simultaneously, has warranted 

the use of DCA as the baseline ordination technique from which class separability can be 

examined. The PC-ORD DCA program offers the user the ability to vary four parameters: 

to downweight rare species or not, to rescale axes (default is to rescale, if rescaling is not 

chosen, then the first axis of DCA will equal the first axis of CA), to vary the rescaling 

threshold (default is 0), and to change the number of segments in detrending (default is 
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26). In rare species downweighting, the abundances of species less than Fmax/S are 

downweighted in proportion to their frequency, where Fmax is the frequency of the 

commonest species. To keep all ordination runs uniform, rare species were 

downweighted and all other defaults taken (rare species in less than 5% of the plots 

already having been deleted) 

The baseline classification techniques employed were TWINSPAN and clustering. The 

PC-ORD TWINSPAN program allows the variation five variables: pseudospecies, 

maximum number of indicators per division (default 5), maximum level of divisions 

(default 6), maximum group size for division (default 5), and maximum number of 

species in final table (default 100). The options for pseudospecies are: the default (0,2, 5, 

10, 20; 0, 0.02, 0.05, 0.10, 0.20; 0 [equal to presence or absence]) or up to nine user-

defined cutoff levels. Both default and user-defined pseudospecies were used as well as 

no pseudospecies, i.e., presence and absence. Pseudospecies were defined as 0, 2, 4, 8, 

16, 32, and 64. The maximum number of indicator species was left at five, which is the 

same number used in the original indicator species analysis (Hill et al., 1975). The 

maximum number of divisions indicates how deep the classification is nested. At level 1, 

the first axis is split only once. At level 2, four two divisions occur, at level 3, four 

divisions occur, and so on. The default value of 6 was used. The maximum group size 

and maximum nimiber of species in the final table were also left at their defaults. Note 

that TWINSPAN also produces a species classification. 
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The clustering program in PC-ORD was configured to use Ward's minimum variance 

method as the cluster linkage method and Euclidean distance to define the dissimilarities 

between clusters. Ward's method was used because it produces clusters with roughly the 

same number of units with a low number of outliers (Griffith and Amrhein, 1991) and 

because it has been used with success recently in vegetation studies in other arid 

environments, for example, by the Topographic Engineering Center (1996) for vegetation 

classification of Fort Irwin in California and by Lewis (1998) for vegetation classification 

in the Fowler's Gap Arid Zone Research Station in Australia. Ward's method necessitates 

the use of Euclidean distance for the distance measure. Both TWINSPAN and clustering 

results were then recoded into arbitrary letter classes (A, B, C, D, etc.). In the case of 

TWINSPAN, a variable number of classes could be created, depending upon the nimiber 

of divisions desired. In this way more homogeneous classes could be obtained by simply 

taking the plots at a higher level of division. In each case, an attempt was made to encode 

classes of equal size. Typically, this resulted in approximately eight classes. To create 

more homogeneous classes, some classes were encoded at a greater level of division, 

though this often resulted in classes with an unacceptably low niunber of members (e.g. 

one or two plots). Typically, in the first division, one end of the dichotomy would end up 

being riparian and would not need to be further subdivided. The other end of this first 

dichotomy, generally containing the non-riparian plots, was then repeatedly subdivided to 

create a number of classes with roughly the same number of members. 
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In the case of clustering, the order in which clusters were joined was examined in the 

result file produced by PC-ORD. Typically, clusters would form by the addition of single 

plots or by the addition of groups of small plots. Then, once a cluster had reached a 

certain size it would join with a cluster of similar size and similar vegetation composition. 

Typically, in most clustering runs, one or two clusters that would reach a certain size, say 

10 members, and would remain at 10 members until one of the last clustering iterations, 

when larger clusters are merged. Clusters such as this are typically very distinctive in 

terms of vegetation composition in comparison to the rest of the data. These are the 

clusters that have been labeled as a "separate" class. Each of the clusters was assigned a 

letter. Clusters designated sequentially with small letters, e.g. "a" and "b" or with capitol 

letters, e.g. "E" and "F" are relatively close in vegetational composition and were 

subsequently merged during clustering. For both relative cover and relative density 

matrices the initial number of classes selected was typically 12. 

The DC A scores were then recoded to class or cluster labels. The classification/DCA 

ordination graphs were then examined and the ones that best displayed clear-cut 

groupings of stands were flagged. These ordination/classification graph combinations 

would either be TWINSFAN classes on DCA or clustering classes on DCA. For each of 

these combinations the DCA species ordination in relation to the stand ordination was 
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examined. In the case of TWINSPAN, the DCA species ordination was also recoded to 

TWINSPAN species classes and the grouping of species examined. 

Secondary Ordination 

The TWINSPAN and clustering runs that grouped the best on DCA axes were then used 

in additiona] PC-ORD ordination algorithms, including PCA, NMDS, and CA. The 

coordinates from these ordination runs were then recoded into the same TWINSPAN or 

clustering classes and examined as before, and the most clear-cut groupings of stands 

over all ordination diagrams were selected for further study. These were: 1) clustering of 

the relative density vegetation (at three heights) matrix with no external variables, and 2) 

the relative cover vegetation (at three heights) matrix with no environmental variables. 

The clustering algorithm consistently produced results that were more interpretable on 

any ordination diagram than did the TWINSPAN algorithm. Furthermore, the addition of 

environmental variables did not have a great enough impact on the classification and 

ordination results to warrant further use in this study. 

Class by Species Table 

To illustrate and compare the composition of classes, the original data matrices of the 

selected classification/ordination runs were rearranged. This simply involved adding a 

column representing these classes to the stands-by-species matrix and then sorting on the 

basis of the class designation. Viewing the species composition of plots within the classes 
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provided a means for assessing the most important species in the classification. 

Appendices II and III are class-by-species relative cover clustering results. Appendix IV 

is the relative density class-by-species relative density clustering results. The relative 

amounts of the height class in which the most prominent species are present are sorted 

&om smallest percentage to largest percentage and are in bold for each class in 

Appendices II through V. The class designations given in the tables are based upon the 

dominant (most abundant) specie in each class. Where a significant mixture of other 

species also occurs, the class is named a X-mixed scrub, with the X being the dominant. 

If there is a number of species that appear to be roughly in the same proportions, the class 

is designated a mixed scrub. In Appendix I, for example, cluster "K" is clearly a LATR 

(creosote) class. Cluster "c" is also dominated by LATR, but this clusters also includes a 

large enough range and amount of other species to warrant a LATR-mixed scrub class 

designation. After class designation, how species ordination location and class (stand) 

ordination location coincided was compared to the species composition of classes as seen 

on the class-ordered data matrix. 

Plot Diversity Calculation 

For each of the plots, a measure of diversity or species richness known as Shannon's 

Index (or Shannon-Wiener Index) was calculated using the coimts of all species within 

the belt transect of each plot (Appendix VI). The mean, median, and standard deviation of 

Shannon's index was then calculated for each class. A study of the differences in the 
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Shannon Index between classes and between relative cover and relative density 

classification schemes was used to help assess the quality of the clustering algorithm for 

creating homogeneous, separable classes. In general, there were no large differences of 

mean or median Shannon Index between classes. However, there were some large 

differences within-class Shannon Index differences (Appendix VI). Shannon's Index is 

calculated as follows; 

= [2] 

Where pi = number of individuals of a species per plot 
total mmiber of individuals of all species per plot 

Ordination and Classification in West YPG 

After initial compilation and analysis of the image database (see Chapter 4), a decision to 

divide the YPG study area into western and eastern halves was made. The rationale for 

doing this was to cut the dataset into a manageable size and concentrate on the western 

portion. Plots that were located in the western portion of YPG (WYPG) were extracted 

from the relative cover and relative density matrices and saved as separate files. Then, 

ordinations and classifications identical to those performed on the complete matrices 

were carried out. 
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Correlation with Environmental Variables 

As previously discussed, multivariate ordination reduces multi-dimensional data into a 

few, typically two or three, dimensions. After this reduction occurs it is then up to the 

analyst to interpret the resultant ordination axes that represent these dimensions. One way 

to facilitate this interpretation is by calculating correlation coefficients. In the case of 

DCA, interpreting such coefRecients would be difficult as, according to Legendre and 

Legendre (1998, p. 467): "...proximities among points should in no case be interpreted 

ecologically, as segmenting generates large differences in scores for points that are near 

to each other in the original ordination but happen to be on either side of the segment 

divisions". Legendre and Legendre (1998) further criticize DCA by stating that 

detrending renders scores on higher axes "meaningless". However, a rank correlation 

coefficient (Spearman) is appropriate for DCA as well as CA since both ordinations 

preserve distance, which involves proportional differences in abundances of species 

between sites (Jongman, 1995). Rank correlation was also carried out using the NMDS 

stand scores as NMDS also does not preserve distances between plots, only ranks (PCA, 

in contrast preserves Euclidean distance, so the Pearson Product Momentum Correlation 

Coefficient could be used). Rank correlation coefficients were calculated between plot 

scores of CA, DCA, and NMDS axes and soil, elevation, slope, and aspect values. Soil 

variables for each plot were obtained from the LCTA SOILSMPL table (Table 2.1) and 

mean elevation, slope, and aspect values were obtained from plot regions of interest 

(ROIs) in ENVI. Table 3.4 shows the correlation between each of the three axes of CA 
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and DCA from relative cover and the environmental variables listed above. Table 3.5 

shows the correlations for Axes-1 and -2 of NMDS and the environmental variables for 

both relative cover and relative density. Table 3.6 shows the correlation between the each 

of the three axes of CA and DCA from relative density and the environmental variables 

listed above. Correlation analysis was also carried out between relative cover of major 

species and environmental variables and between relative density of major species and 

environmental variables (Tables 3.7 and 3.8). These correlations will be evaluated in 3.7. 



TABLE 3.4 RELATIVE COVER ORDINATION SCORE CORRELATIONS - Spearman's rank correlation 

between correspondence analysis (CA) axes and environmental variables, and between detrended correspondence 

analysis (DCA) axes and environmental variables for relative cover data. CA I and CA2 are the first two axes of 

CA ordination and DCA I and DCA2 arefirst two axes of DCA ordination. * correlations are significant at 

p < .05, ** correlations are significant at p < .01, and ••• correlations are significant at p < .001. Both CAI and 

DCA I reflect increasing sand content and decreasing clay content. 

CAI CA2 CA3 DCAI DCA2 DCA3 
LABK 

TOTCLAY -0,30 *** -0.29 
TOTSILT -0.20 * -0.20 * 
TOTSAND 0.24 " 0.23 * 
C03CLAY -0.17 * 
FSILT -0.27 " -0.25 ** 
CSILT 

VFSAND 0.18 * -0.32 -0.29 *" 
FSAND 

MSAND 0.17 * 0.17 * 
CSAND 0.26 " 0.18 * 0.23 " 0.19 * 
VCSAND 0.22 * 0.19 * 0.17 * 0.17 * 
WT2TOSMM 0.20* 
WT5T020M 

WT20T075 

COURFRAG 

ORGCARB 

ORGMATT 

BARCLAY 

BARWATER -0.32 *" -0.27 ** 
CARBLT2M -0.29 -0.26 
PH1T02 

PHITOl 

SLOPE 

ASPECT 0.19 * 0.19 * 0.24 " 
DEM ELEV -0.19 * 0.18 * -0.21 • 0.23 ** 



TABLE 3.5 RELATIVE DENSITY AND RELATIVE COVER NMDS CORRELATIONS - Spearman's rank correlation 

between non-metric multidimensional scaling (NMDS) axes and environmental variables for relative cover and relative density data. 

NMDSl and NMDS2 are the first two axes of NMDS ordination. * correlations arc significant at p < .05, •• correlations are significant 

at p < .01, and *** correlations are significant at p < .001. NMDSl for relative density indicates an increase in the coarse soil fraction. 

Relative Cover Relative Density 
NMDSl NIVfDS2 NMDSl NMDS2 

LABK 

TOTCLAY 0.25 
TOTSILT 

TOTSAND -0.17 * 
C03CLAY 0.19 * -0.25 " 
FSILT 0.22 * 
CSILT 

VFSAND 0.20 * 
FSAND 

MSAND 

CSAND •0.20* 0,25 ** 
VCSAND -0.21 * 0.31 
WT2T05MM 0.33 
WT5T020M 

WT20T075 

COURFRAG 0.35 *** 
ORGCARB 

ORGMATT 

BARCLAY 0.17 * 
BARWATER 0.22 * 
CARBLT2M 0.21 • 
PH1T02 

PHITOI 

SLOPE 0.17* 
ASPECT 0.24 " 
DEM ELEV 0J4 



TABLE 3.6 RELATIVE DENSITY ORDINATION SCORE CORRELATIONS - Spearman's rank correlation between correspondence 
analysis (CA) axes and environmental variables, and between detrended correspondence analysis (DCA) axes and environmental variables 
for relative density data. C AI and CA2 are the first two axes of CA ordination and DCA I and DCA2 are the first two axes of DCA ordination. 
* correlations are significant at p < .OS, ** correlations are significant at p < .01, and *** correlations are significant at p < .001. Both 

CAI and DCA I reflect increasing coarseness of sand at lower elevations. 

CAI CA2 CAJ DCAI DCAl DCA3 
l,ABK -fl.li • 0.20 • -0.24 " -0.16 * 0.30 "• 
TOTCLAY ^.25 •• O.IS * -0.23 " 0.17 • 
TOTSI1.T -0.27 •" 0.21 " -«.27 0.31 **• 
TOTSAND 0.2i 4».22 " 0.27 •0.29 •" 
C03CLAY -0.20 • -0.23 •• 
FSII-T -0.31 ••• O.IS * •0.30 ••• 0.27 
tSILT -O.IS • 0.23 •• -0.19 » -0.19 • 0J4 "• 
VFSAND 0.17 • -0.35 -0.27 ••• 0.23 " 
FSAND -0.35 •0.32 
MSAND -0.24 -0.29 
CSAND 0.35 ••• 0.31 
VCSAND 0.36 0.22 " 0.32 
WT2T05MM 0J7 •** 0.25 • 0J3 
H'TST020M 0.19 * 0.29 0.19 * 0.23 " 
WT20T075 

COIIRFRAG 0.33 0.33 0J2 •" 0.21 
ORGCARB 0.17 * -0.16 • 0.20 • 
ORGMATT 0.17 • -0.16 • 0.20 • 
BARCLAY •0.11 • -0.26 " 
BARWATER -0.35 ••• 0.17 • •0.33 0.24 " 
CARBLT2M -0.2i -0,24 " 0.20 • 
PmT02 O.lt * 
PHITOl 

SLOPE 0,36 **• 0.43 
ASPECT -0.20 • -0.20 * 
DEM ELEV -0J3 -0.38 



TABLE 3.7 RELATIVE COVER SPECIES CORRELATIONS - Correlalion between relative cover of species and environmental 

variables. Only major species are listed. Correlation between the number of hits per 1-m interval over the 100-m transect for the ground 

cover variables have also been included for comparison. GCBARE= bare ground hits, GCLITl - litter hits, GCROCK=rock hits, and 

GCPLANT=plants hits. • correlations are significant at p < .05, •• correlations are significant at p < .01, and ••• correlations are significant 

at p < .001. The most significant vegetation correlations are of creosote up to 1-m (LATR2) with very fine sand (positive) and with coarse and 

very coarse sand (negative); and ironwood > 1-m with coarser sands (positive). 

/ / / / ^ ^ ^ / / / / / / 

Iaia* I In*)!** I I \J\\T «••• ^ IQ*** 0 «••• LABK •0.20* 0.24" 0.23" •0.17* •0.38"* •0.22" -0.38"* -0,29"* 0.39"* 

TOTCLAY 0.18* 0.22" •0.34"' •0.30»*« -0.45"* 0.44"» •0.22* 

TOTSILT 0.24" -0.33"* •0.22" .0.46"» -0.36"» 0.5I"* •0.22* 

TOTS AND •0.25" 0.35"* 0.22* 0.45"» 0.41"* •0,52"* 0.23" 

C03CLAY 0.22" 

FSILT 0,26" -0.32"' •0.24" -0.39"* -0.43"* 0,48"« •0.20* 

CSILT 0.18* •0.28"» •0.45"* •0,23" pO 0.44"« •0.19* 

VFSAND •0.18* 0,17» 0.19* 0,33"* 0.17» •0.37"* 

FSAND 0.20* -0.19* 0.65"« 0.24" •0.62"* - 0.31"* 

MSAND 0.25" •0.27" 0.27"' 0.17* 0.57"» 0.32*" •0.37"' 

CSAND -0.28"* 0.26" 0,28"» 0.58"« 0.24" 0.28"* 

VCSAND -0.32"* -0.20* 0.17* 0.38"« 0,19* 0.I9* -0.32"* 0.18* -0.19» 

W2_5MM •0.30'" 0.19* 0.32"» 0.19* -0.48"* 0.41"' -0.23" 

W5_20M •0.36»»» 0.30"» 

W20_75MM 

COURSFRA •0.I7' -0,20* 0.27"* -0.43"* 0,36"* -0.22" 

ORGCARB -0.20* 

OROMATT •0.20' 

BARCLAY •0.18* 0.26" 0.17» 0.42"« -0.20* 0.24" 

BARWATER 0.20* -0.28"* •0,23" •0.48"* -0.38"* 0,56"* •0.23" 

CARBLT2M 0.19' •0.24" •0.21* -0.24" •0,38"» 0,35"* -0.19» 

PH1T02 •0.21* 0.17* •0.2T" 

PHITOI •0.2 !• 0,24" •0,20« 

SLOPE -0,25" •0,23" 0.31"* -0.23" 

ASPECT -0.22" 

DEM ELEV •0.19* -0.20' •0.I9' •0.23" •0.22" 0,28"* •0.17* 



TABLE 3.8 RELATIVE DENSITY SPECIES CORRELATIONS - Correlation between relative density of species and environmental variab 

Only major species are listed. Some of the major correlations: white bursage (AMDU) up to 1-m with fine and medium sand (positive), and with 

with fine sand (negative); creosote up to 1-m (LATR2) with very fine sand (positve) and with medium to very coarse sands (negative); and LYAN 

OLTE up to 2-m, and PAMI > 2-m with coarser sands (positive). 

/ / J" / / / 0^ O* & / / / & & <i^ 

LABK •0,16"« -0.3I'" 0.17'" 0.25«" •0.31"* •0.23"' •0.20*" •0.26"' 0.12'" 0.I8"» 

TOTCLAY 0.17*" -<».28"« -0.26*** •0.28*" •0.27"* •0.25*" •0.25"' 0.19"* 

TOTSILT -0.32"* -0.30"* •0.26*" •0.2I*" -0,24«" 0.}2'" 0.20"« 

TOTSAND 0.33*" 0.3I»" 0,29«»» 0.24»»» 0.22«" 0.26«" •0.W" •0.16"* 

C03CLAY 0,21"» 

FSILT •0.34'" •0.29"' -0.24"» -0.22"* •0.26'" 0.28"« 

CSILT -0.16*" •0.24"* -0.26*" •0.22"» -0.18*" 0,30"» O.I6«" 0.27"» 

VFSAND -0M'" -0.20"* •0.22*" 0.37"' 0.27'" -0.30"* •0.2I"' •0.17"* •0.21"* 

FSAND 0.25«" -0.24"' -0.20"* •0.16"' •«.20"» 

MSAND 0.21'" 0,26"» 0.21"* •0.25*" •0.20'" 0,20«" 0,19"* 0.17"* 0.18"» •0.19"» 

CSAND •0.I7"* 0.3g"* 0.4I»" •0.29"' 0.51"« 0.4I"* 0.31*" 0,38»" 

VCSAND -0.20*" 0.22"* 0.2«'" -0.25*'* 0.39*" 0.23"* 0.24»»* 0.32"* O.ll"' 

WT2_JMM -0,17»" 0.24»" 0.28"« •0,26'" 0.3I*" 0.22'" 0.17"« 0.27'" 

WT5_20MM 0.18"« 0.I6"' 

WTT20_75 

COURFRAO 0.21«" 0.22*" -0.I7"* 

ORGCARB •0.19»" 0.27«" 

ORGMATI •0.19*** 0.27'" 

BARCLAY -0.24"* 0.24"' 0,30»" 0.57"* 0.45"* 0.16"« 0.22"' 

DARWATER •0.23" •0.I7' •0.19* •0.20* -0.21" 0.18' 0.31"« 

CARBLT2M 0.16* •0.24" •0.I6* •0.I9* •0.21" •Q.20* •0.24" 

PH)T02 -0.18'" .0.19"* •0.32"* •0.19"* 

PHITOI on*" 

SLOPE O.I7"» •0.18"' O.IT" 

ASPECT •«.23"« •0,19*" 

DEM.ELEV -0.I8'" 0.35"» •0.32"* 0.41"* 0.19"* 

ELEV •0.17"' 0.3g"» -0.21"* •0,28»" 0.43"* 0.2«"* 0.17"* 0.21"* 
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3.7 Results and Discussion 

Line Transect vs Belt Transect 

From a remote sensing perspective, a cover-based vegetation plot grouping would form 

the most logical basis for developing a classification methodology. Mueller-Dombois and 

Ellenberg (1974) report that cover as a measure of plant distribution is of greater 

significance than density, as cover gives a better measure of plant biomass than does the 

number of individuals. Furthermore, cover as a quantitative measure has the advantage 

over density in that nearly all plant forms, including trees and shrubs, can be evaluated by 

the same parameter and thereby in comparable terms. This argument can be illustrated in 

Y?G by considering a density versus cover classification of plots that contain tree species 

such as foothills palo verde (Parkinsonia (Cercidium) microphyllum (PAMI)). For 

example, in the relative cover clustering plots 143 and 32 are both designated PAMI-

mixed scrub, but in contrast are designated LATR-mixed scrub in the relative density 

clustering. In both of these plots, a single tree provides more cover than several shrubs. If 

the number of individuals is counted instead of measuring cover, the plant or plants with 

greater nimibers will dominate the classification. On the other hand, since the line 

transect is a two-dimensional vertical plane, significant amounts of vegetation may not be 

sampled in arid areas of sparse plant cover. The left photo in Figure 3.5 shows how the 

transect for plot 103 travels through the wash, missing the vegetation of greatest density. 

In this case, enough wash vegetation was encountered so that in both relative cover and 
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relative density classifications the plot was classified as a riparian-type community. The 

line transect also can miss a large portion of cacti in plots. The right photo in Figure 3.5 

shows plot 1, which has a large number of teddy bear cholla (Opuntia bigelovii - OPBI); 

however, OPBI is under-represented in the AERCOVER Table data. As a result, the plot 

is designated a creosote (Larrea tridentata - LATR)-mixed scrub in the relative cover 

classification. The 6-meter wide belt transect does measure these cacti (151 OPBI 

individuals up to 1-m in height in plot 1). As a result, plot 1 was categorized into an 

OPBI -type class. Since local occurrence of OPBI does form a minor series (Tumer and 

Brown, 1994) an argimient can be made that the relative cover classification might be a 

misclassification, or at least potentially misleading. 

Selection of Classification Schemes for Additional Analyses 

The fmal decision on what classification scheme to use in remote sensing analyses was 

based upon the distribution of clustered plots in the ordination diagrams. As mentioned in 

3.6, the clustering algorithm using species data alone (without environmental variables) 

produced the most coherent groupings of plots in ordination space using both the entire 

dataset from YPG as well as the plots from WYPG only. Additional variables that were 

added in various combinations to the vegetation data matrices (described in 3.6) during 

clustering and ordination runs produced no significantly better cluster/ordination 

combination, and in some cases worsened the results. For example, the addition of 

GCATS to the relative cover matrix caused some plots to be grouped based upon similar 



Figure 3.5 - The photo on the left is of plot 103. Note how the transect does not travel through the densest vegetation. The photo on the right is 

of plot I. Teddy bear cholla is abundant, prominent in the belt transect (which counts individuals) but not in the line transect (which measures 
cover). 
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number of bare hits per 100 meters, even though the species distribution amongst these 

plots was dissimilar. One reason a combination of environmental variables in an 

ordination analysis may not improve the analysis is that the variables used have little or 

no relationship to the species distribution. Another reason might be that one of the 

variables is important for species distribution, but that other variables may not be. If 

many such variables are included in the analysis, the first few axes of an ordination may 

mainly represent the relations among the unimportant variables and the relation of the 

important variable with the species' data would not be discovered (ter Braak, 1995). 

Therefore, the final classification schemes selected for further analysis included the 

relative cover data using three vegetation height classes and the relative density data 

using three vegetation height classes. The classification and ordination of these two 

systems using LCTA data will be discussed below. 

Relative Cover: Clustering and Ordination 

To examine species distribution among plots in the clustered relative cover data matrix 

using three vegetation height categories, the original data matrix was sorted according to 

class. Once this was done, a definite pattern of species distribution from cluster to cluster 

could be seen. Appendix II shows the sorted class-by-class vegetation relative cover 

clustering results for WYPG. Clearly clusters labeled "a" and "b" are dominated by 

creosote. The main difference between these clusters is the relative amount of creosote, 

with cluster "b" showing more cover in the creosote 0.0-0.5 m height category. There are 
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some other species present in these clusters, but the number of these species are few and 

there is no clear pattern in their distribution. Therefore, together these clusters (class 1) 

have been designated as creosote-mixed scrub (LATR-ms(A)), the mixed scrub referring 

to the minor presence of a few additional species. Clusters "F" and "K" are completely 

dominated by creosote, with cluster "F" being 100% relative coverage of creosote <= 

0.5m and cluster "K" 100% relative coverage of creosote >= 0.5 m with significant 

coverage >= 1 .Om. Cluster "c" is moderately to strongly dominated by creosote and 

shows a growing importance of white bursage (Ambrosia dimiosa -AMDU), while cluster 

"d" has a moderate to strong creosote dominance and a weak to moderate influence of 

white ratany (Krameria grayi - KRGR). The similarity of creosote relative cover in 

clusters "c" and "d" was the factor which led to the designation of these clusters together 

(class 2) as another creosote mixed scrub class (LATR-ms(B)). Now, each of these 

creosote-classes is grouped together in the same general location on the CA, DCA, and 

NMDS graphs (Figures 3.6, 3.7, 3.8). Similarly, the clusters dominated by white bursage 

are grouped together, but in a different part of each of the ordination graphs. Cluster "M" 

is moderately to strongly dominated by white bursage and cluster "N" is completely 

dominated by white bursage. Cluster "L" has somewhat lower amoimts of white bursage 

and most of its plots contain brittlebush (Encelia farinosa -ENFA) relative cover up to 

32%. Cluster "J" plots, in contrast, contain a range of relative cover of brittlebush from 

18% to 100% and so this cluster has been designated as an brittlebush-mixed scrub. The 

relative proximity of cluster "J" to cluster "L" in the ordination diagrams is attributed to 
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this presence of brittlebush. Cluster "e" is marked by moderate amounts of white bursage 

cover in each plot and by moderate to strong influence of creosote. Not surprisingly, 

cluster "e" is located more or less midway between the groupings of clusters "a", "b", 

"c", and "d", which are dominated by creosote and clusters "L", "M", and ''N", which are 

dominated by white bursage. Clusters "G", "H", and "i" also are located on similar 

regions on each of the ordination graphs. While cluster "G" is characterized by relatively 

high PAMI coverage and cluster "H" has relatively high ironwood (Olneya tesota -

OLTE) coverage, cluster "i" plots are not dominated by any one species. The relative 

prominence of the riparian shrubs catclaw (Acacia greggii - ACGR), sweetbush (Bebbia 

juncea - BEJU), and wolfberry (Lycium andersoni - LYAN) in these plots, however, 

along with the occasional presence of the trees PAFL, PAMI, and OLTE marked this 

cluster as a riparian mixed scrub commimity. 

Like the CA diagram in Figure 3.6, the NMDS graph has been divided into 4 quadrants 

by drawing a vertical line at the 0 point on the first axis and a horizontal line at the 0 

point on the second axis (Figure 3.8). Although NMDS does not ordinate species, each of 

these quadrants contains plots that are dominated by one or two particular species. 

Starting at the top right quadrant in Figure 3.8 moving clockAvise, the plots are dominated 

by creosote, white bursage, brittlebush, foothills palo verde, and ironwood. 
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According to the discussion above, the location of classes on the ordination graphs is 

related to the relative amounts of different species. Now, the distribution of plots within 

each class on the graphs is related to the "purity" of the class. At one extreme, are the 

four members of cluster "N". Cluster "N" plots are all of uniform composition - 100% 

white bursage cover in the 0.0-0.5-m height class and are thus all graphed as a single 

point. At the other extreme is cluster "i", which has members scattered across the graphs. 

Cluster "i" is a predominantly a riparian mixed-scrub community with no one or two 

dominant species. Even though cluster "i" plots generally contain significant cover in 

riparian species, some plots with relatively rare non-riparian species have been 

incorporated into the cluster. In Figure 3.8 one of these non-riparian appearing "i" plots 

is in the second quadrant. This IS ^^lot 123 and is com^^nse^l of ^)cotill^) ^F'oucjuiena 

splendens - FOSP) coverage only. Plot 125 and another cluster "i" member, plot 67 

(Figures 3.7, 3.8 and 3.9), are the only plots in WYPG that contain ocotillo and no 

creosote. Plot 125 was identified as an outlier in PC-ORD, as very few other plots have a 

similar species makeup. Plot 67 itself is somewhat of an outlier as it contains ocotillo and 

Opuntia, species that are more characteristic of a drier environment. However, plot 67 

also contains 13% relative cover in PAMI in the 0.5 - 1.0-m height class and this presence 

of PAMI may indicate more water availability. Interestingly enough, on both DCA and 

NMDS plot 67 appears relatively close to the swarm of plots in cluster'T', which 

represents a drier brittlebush-creosote environment. (Plot 67 also contains big galleta 

grass (Hilaria rigida - HIRI) which responds more favorably to sandy environments). 



Figure 3.9 - Relative cover riparian mixed scrub (cluster "i") plots 67. Plot 67 appears less of a riparian plot 
with the presence of opuntia (cacti) and lack of trees, except for the palo verde in the right of the photo. 
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Another Cluster "i" plot, plot 121, is comprised of 27% relative cover in ENFA. Note 

how close plot 121 is to the 'T' swarm of points that are high in brittlebush content. 

Cluster "i" plots 86, 91, and 113 show up on the right side of then NMDS graph, in 

quadrant 1, separated from the main groupings of riparian-type clusters "G", "H", and "i" 

and closer to the creosote-dominated clusters "a", "b", and "c". Each of these plots 

contains 41% or greater relative cover in creosote, in the case of plot 91, 97% relative 

cover! The remaining 3% relative cover in plot 91 belongs to Sweetbush (BEJU), which 

is a riparian species. Even though this plot was overwhelmingly creosote, the clustering 

algorithm has allocated it to the ripeirian cluster "i", probably solely because of the 

Sweetbush presence. However, plots 86 and 113 contain significantly greater riparian 

species cover (52% PAFL, 2% OLTE, and 6% LYAN in plot 86; 14% PAFL and 35% 

Sweetbush in plot 113) and should be closer to the main group of riparian plots. Plot 89 

contains 60% creosote relative cover, but the remainder of cover is ACGR and PAMI. 

Note how DCA and NMDS have ordinated this plot differently in Figxires 3.7 and 3.8. In 

NMDS this plot is closer to the main riparian clusters "G", "H", and "i" and away from 

plots 86, 91, and 113. However, in DCA plot 89 is closer to these same plots, which are 

all on the outer boundary of the G", "H", and "i" clusters. The DCA ordination appears to 

have ordered these "i" plots in a way that is more amenable to interpretation - near the 

outer edge of the swarm of riparian-mixed-scrub range of plots (which shows their 

riparian tendencies) yet close to the creosote-dominated plots (which shows that they are 

also rich in creosote coverage). If the plots were examined on NMDS with no information 
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on cluster membership, it would be impossible to know that plots 86 and 113 had any 

riparian-scrub associations (or associations that indicate better water availability.) On all 

ordination graphs, however, the spatial distribution of plots within clusters illustrates that 

"pure" clusters (vegetation communities) are relatively rare in the WYPG Sonoran 

environment. In fact, a PC-ORD outlier analysis of the relative cover at three heights 

matrix has identified plots in cluster "J" (7, 11), cluster "K" (141,138,31), and all plots in 

cluster "N" as outliers - even thought they have 100% cover in brittlebush, creosote, and 

white bursage respectively. (However, it must be noted that these results were obtained 

by using Euclidean distance in the outlier analysis. The use of other distance measures 

yielded somewhat different results with not every plot listed above being tagged as an 

outlier). Given that pure plots are relatively rare, a typical plot location at YPG will have 

3 or more species, though one of which will typically be creosote. However, different 

combinations of environmental conditions affect the ability of each species to survive so 

that where conditions change, the assemblage of species is expected to change. Where 

conditions start changing from being favorable to species X to being more favorable to 

species Y, both species may mix with neither being dominant, forming an ecotone. This 

can be seen in the case of cluster "e" which seems to be a transition zone between a 

environment which strongly favors creosote (and is less favorable to white bursage) to an 

environment which is more favorable to white bursage (and less favorable to creosote). It 

is surprising that cluster "e" is not larger, given that a typical non-riparian Sonoran Desert 

vegetation community is dominated (in terms of nimibers and cover) of both of these 
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species. These results show that if a "typical" creosote-white bursage vegetation 

community is indeed the most prominent in the Lower Colorado Desert, then in general, 

either creosote or white bursage is the dominant shrub, with areas where both are 

dominant, to the exclusion of other species, being relatively rare. 

Relative Cover: TWINSPAN and Ordination 

In contrast to the results of agglomerative classification (clustering) in ordination space. 

Figure 3.10 shows the results of hierarchical divisive classification (TWINSPAN) in 

DC A ordination space (TWINSPAN carried out using relative cover at three heights and 

pseudospecies 0, 2,4, 8, 16, 32, and 64). In comparison to the clustering results of the 

same dataset in DCA space (Figure 3.7), the TWINSPAN classes do not group as well in 

DCA space. In fact the relative cover species distributions within TWINSPAN classes 

(Appendix V) are not as apparent as the same species distributions are within the 

clustering classes (Appendix II). Perhaps these results stem from the assimiption of 

TWINSPAN that a strong gradient dominates the data structure (Belbin and McDonald, 

1993) when in fact species distribution is controlled by a combination of other factors. 

Even so, of all the TWINSPAN iterations with various matrices including data from all of 

YPG and relative density matrices, this one has showed the best results. In virtually all 

other iterations, very little structure on the ordination graphs could be seen, even with the 

relative cover at three heights for the entire YPG. Perhaps by limiting the classification of 

LCTA data to the western portion of YPG the TWINSPAN algorithm was better able to 
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Classes are fairly well separated in comparison to TWINSPAN classifications using a larger dataset. However, the classes (Table 3.7) 
are not as homogeneous in vegetation content (Table 3.7) as in the clustering results (Table 3.4). 
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organize the plots within a narrower range of environmental conditions. Further division 

of the classes in Appendix V was done using the TWINSPAN results, which slightly 

improved the class homogeneity. The cost of this, however, was to create too many 

classes with too few (e.g. as little as 1 or 2) members. 

Correlation of Relative Cover Ordination Scores: Results 

One way to interpret the nature of the environment is by correlating ordination scores 

with environmental variables. Tables 3.4 and 3.5 show Spearman rank correlations 

between environmental variables and the ordination axes of CA, DCA, and NMDS. By 

looking at these correlations it is clear that there is no one dominant environmental 

variable influencing the ordination, at least for the range of variables that were measured. 

In CA and DCA the first axis shows a moderate correlation with the amount of sand in 

each plot (TOTSAND), especially the coarser fraction (CS AND and to a lesser extent 

VCSAND) and negative correlations with the silt and clay portions (TOTCLAY, 

TOTSILT, FSILT). There is also a negative weak correlation with elevation derived from 

the DEM and a weak positive correlation with aspect. Other correlations related to soil 

texture include negative correlations with 15 bar water on air dry soil (BARWATER) and 

carbonate (CARBLT2M) at P < 0.001 (slightly less significant in the case of DCA). 

NMDS Axis-1 correlations with the environmental variables are opposite in sign to those 

of C A/DC A Axis-1 correlations (negatively correlated with the sand fraction 

(TOTSAND), especially the coarser sand fraction - coarse sand (CSAND) and very 
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coarse sand (VCS AND)) and positively correlated with the finer soil particles - total clay 

(TOTCLAY) and fine silt (FSILT). NMDS Axis-1 correlations with the environmental 

variables are all significant at P < 0.05. Based upon this information, both C A/DC A and 

NMDS ordinations have recovered similar environmental gradients, which appear to be 

significantly influenced by soil texture, on the first axis. If this is true, the more sandy, 

well-drained plots should be to the right side of the CA/DCA ordination graph and to the 

left side of the NMDS ordination graph (with Axis-1 being the X-axis on both graphs). 

As Figures 3.6, 3.7 and 3.8 show, this is indeed the case, as clusters "G", "H", and "i" 

(palo verde mixed scrub, ironwood mixed scrub, and riparian mixed scrub respectively), 

representing a more sandy, riparian-type environment, appear in these locations. 

The second CA axis only shows a weak correlation (P < 0.05) with very fine sand 

(VFSAND) (this VFSAND correlation with the second DCA axis is actually negative, but 

it is ignored as it is not statistically significant). VFSAND actually shows a stronger and 

more statistically significant correlation (negative) with the third axis of both CA and 

DCA (p < 0.001). The second NMDS axis also shows a weak correlation (P < 0.05) with 

VFSAND. If VSAND is the environmental variable that has been captured on the second 

axis of CA and NMDS than we should except to see a similar arrangement of clusters on 

the Y-axis in Figures 3.6 and 3.7. This is indeed the case, in general, with clusters "a", 

"b", "c", "F", and "K" (creosote-dominated clusters) towards the top of the axis and 

clusters "L", "M", and "N" (white bursage-dominated clusters) towards the bottom of the 
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axis (this is also the case with the third CA axis). In this case the implication is that 

creosote favorable environments have a very fine sand content and that white bursage 

favorable environments do not. The third axis of both CA and DCA has two additional 

significant correlations with environmental variables: CSAND and VCSAND (significant 

at P < 0.05). The graph of CA Axes-1 and -3 (Figure 3.11) displays a linear relationship 

between the response of creosote- and white bursage-dominated plots to the 

environmental gradients represented by Axes-1 and -3. However, plots not dominated by 

creosote or white bursage have different Axes-1 and -3 scores, with clusters 'T' and "G" 

forming distinct groups. It appears that this combination of axes is usefiil for examining 

the distribution of plots that are not dominated by the two most common Sonoran Desert 

species - creosote and white bursage. Cluster "L", which has been designated a white 

bursage-mixed scrub, actually has many of its members closer to the cluster "J" 

(brittlebush-mixed scrub) swarm - indicating the relative prominence of brittlebush in 

those plots. Cluster "L" plots 16 and 132 are closer to cluster "G", showing the 

significance of foothills palo verde in those plots. In figure 3.11 it appears that "J" plots 

are preferential towards coarse sand. Cluster "i" plot 114 does have very high scores on 

both axes and to a lesser extent so does cluster "i" plot 42 and cluster "H" plot 103. Plot 

103 has the largest percentage of CSAND (35.5% of total sand content) of any plot and 

plot 42 has the fifth highest percentage (20.1% of total sand content). Unfortunately, no 

soil sample was taken for plot 114. 
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If the above correlations hold true, then it should be possible to associate species location 

on the ordination graphs with known environmental tolerances for the species. Cluster 

"N", AMDU, which is 100% white bursage relative cover appears on the left side of the 

first CA and DCA axes (Figures 3.6, 3.7, and 3.11) so it is expected that the correlations 

between relative amounts of white bursage and the environmental variables should be 

opposite those correlations between C A/DC A Axis-1 scores and the same environmental 

variables. For example, in Table 3.4 CA/DCA Axis-1 has the strongest positive 

correlation with coarse sand and is most strongly negatively correlated with TOTCLAY, 

FSILT, BARWATBR, and CARBLT2M. Therefore, white bursage relative cover should 

be positively correlated with TOTCLAY, FSILT, BARWATER, and CARBLT2M and 

negatively correlated with CSAND. Since plots that contain white bursage at 0.0m - 0.5m 

and > 1 .Dm height classes are rare, only the white bursage 0.5m -1.0m height class will be 

considered. The signs of the correlations between white bursage and these variables do 

follow this pattern (Table 3.7), but only TOTCLAY at R =0.18 is statistically significant, 

and weakly at that. Creosote in the 0.5m -1 .Om height class is common and shows some 

of the highest correlations with environmental variables: 0.33 with VFSAND, -0.28 with 

CSAND, -0.32 with VCSAND, -0.20 with coarse fragments, and —0.30 with the 2-5 

mm weight percentage of soil <75 mm. On the DCA graph the creosote-dominated 

classes are not preferentizd to either side of Axis-1. On CA these classes are more 

restricted to the negative side (as are also the white bursage-dominated classes - it is clear 

the well-known compression of the ends of the first CA axis is happening here). Where 
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these creosote-classes are located with respect to the white bursage-dominated classes on 

each ordination diagram may ofTer clues as to the nature of the gradients that each axis 

may represent. On the first axis of the C A, DC A, and NMDS graphs, the ordination 

scores of both the creosote-dominated classes and white bursage-dominated classes are 

similar. (This is not the case for the imscaled DC A scores, which include outlier plot 125. 

For the unsealed scores, low white bursage-class scores are followed by higher creosote-

class scores). However, the second axes of both CA and NMDS show an increasing 

favorability for creosote-classes and a decreasing favorability for white bursage-classes. 

As mentioned above, the scores of cluster "e" are approximately midway between the 

creosote-classes and the white bursage-classes, thus supporting the notion that the second 

axis of C A and NMDS represents an environmental gradient that is potentially related at 

least partially to very fine sand content. In CA, however, the first axis generally 

represents decreasing favorability for creosote-classes AND white bursage-classes while 

the first axis on NMDS represents an increasing favorability for both. As noted above, the 

correlations for CA Axis-1 and NMDS Axis-1 are reversed, so that the following 

generalization can be made: white bursage and creosote growth is positively affected by 

increasing clay and silt content (and creosote postively affected by very fine sand) and 

negatively affected by increasing coarse sand content. Correlations of other species with 

the environmental variables will not be discussed, as these species do not appear in as 

many samples as creosote and white bursage. Some generalizations, however, between 

the location of the plots in which they occur £uid the ordination axes can be made. The 
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riparian clusters (clusters "G", "H", and "i") contain species that are present in more 

sandy environments, particularly coarse sand environments. Brittlebush-dominated plots 

(cluster'T' and to a lesser extent cluster "L") appear to be less restricted as to 

environment. 

These results indicate that CA, DCA, and NMDS can be used in combination with 

vegetation clustering to help illustrate the relationships between plots according to a 

relative cover classification scheme. CA Axis-1 does seem to be compressed on the left-

end of the first axis. However, a comparison of CA Axis-1 with the NMDS Axis-1 seems 

to indicate that this may be in fact related to the narrow range of conditions in which a 

number of species grow (particularly creosote and white bursage). The DCA graph does 

seem to be an improvement on CA for assessing the separability of classes and plots 

within classes. Given the warnings of various researchers in DCA score interpretation, 

however, any correlations of ordination axes with environmental variables should be left 

largely to CA and NMDS. On the other hand, correlations between DCA and 

environmental variables and CA and environmental variables are similar in size and 

magnitude, signifying that perhaps DCA is a better tool for analysis. 

Relative Density: Ordination and Clustering Results 

Relative density clustering results for WYPG were somewhat different than clustering 

results using the relative cover matrix. Appendix IV shows the sorted class-by-class 
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vegetation relative density clustering results for WYPG. From this table it is immediately 

evident that a larger number of species have been captured with the belt transect than with 

the line transect. Although creosote, white bursage, and brittlebush continue to exert a 

major influence on cluster composition, Opuntia (e.g. OPBI, OPUNT, and OPRA) 

species are now much more prominent in several clusters, and foothills palo verde and 

ironwood much less prominent. For example, cluster "a" has significant teddy bear cholla 

(OPBI) content as well as significant brittlebush. Cluster "b" and "c" also have a lot of 

brittlebush and variable numbers of many other species, though in significantly smaller 

amounts. Meanwhile, in clusters "D", "E", and "F", white bursage exerts considerable 

influence in terms of relative density. In clusters "D" and "E" creosote exerts a weak to 

moderate influence as does teddy bear cholla in cluster "E". Cluster "F", though, has a 

strong white bursage influence with relative densities ranging from 56%-100%. Cluster 

"g" and cluster "g2" both have a weak to moderate creosote influence. Cluster "g2" 

contains more Opuntia species, particularly teddy bear cholla. Cluster "g" is interesting in 

that while some of its plots contain white bursage with relative densities of up to 52% and 

brittlebush with relative densities up to 34%, other "g" cluster plots contain neither of 

these species. The composition in terms of relative density for cluster "h" is clear: 

creosote from 32% to 100%. Cluster "i", like its relative cover counterpart, is a riparian 

mixed-scrub community as evidenced by its sweetbush content (relative densities of 

11 %-84%) and by the presence of species such as ironwood. Cluster'T' has relative 
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density taken up almost exclusively by white bursage and creosote, whereas cluster "K" 

is completely dominated by creosote. 

Interpretation of the relative density clustering/ordination graphs was done in a similar 

way to the interpretations of the relative cover graphs. As with the relative cover graph, 

the graph of the first two DCA ordination axes is superior to the graph of the first two CA 

axes in showing the separability of clusters. As Figure 3.12 shows, most plots in CA, 

save those in cluster "i", have very similar scores on the first axis, around the 0 point. 

Since Axis-1 is negatively correlated with fine silt and BARWATER and positively 

correlated with coarse sand and very coarse sand (Table 3.6), the assumption is that the 

majority of vegetation in the study area grows on relatively fine textured soils and that 

cluster "i" plots, which are essentially riparian in nature, are comprised largely of coarser 

textured soils. These are the same results that were encountered in the relative cover 

classification. Axis-2, though, is positively correlated with slope and coarse fragments 

and negatively correlated with fine sand. Thus, clusters "a", "b", and "c" which appear at 

the top of Figure 3.12 should be dominated by species that are on slopes with coarse 

soils. These clusters do have significant brittlebush content, a species that is characteristic 

of coarse outwash slopes and bajadas in Arizona (Shreve, 1951). Looking at the NMDS 

graph (Figure 3.15) brittlebush-clusters are positively correlated with the first axis. As 

Table 3.5 shows, Axis-1 is positively correlated with course firagments and coarse and 

very coarse sand. In contrast to the ordination graph of CA Axes-1 and -2, the ordination 
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graph displaying CA Axes-2 and -3 clearly shows the separability of clusters (Figure 

3.13). On the far right side the brittlebush-dominated plots (especially those in cluster 

"c") stand out more clearly. In the lower left of this figure the creosote-dominated clusters 

"h" and "K" appear while in the upper left cluster "F", which is dominated by white 

bursage, is located. CA Axes-2 and -3, then, have together ordinated the plots into a 

triangular configuration, with three major Sonoran Desert species - creosote, white 

bursage, and brittlebush - at the vertices. Lines drawn perpendicular to the 0 points on 

each axis helps to visualize this separation. Brittlebush plots have ordination scores 

generally greater than 0 on Axis-2, creosote-plots have ordination scores generally less 

than 0 on Axis-3 and less than 0 on Axis-2, and white bursage-plots have ordination 

scores generally greater than 0 on Axis-3 and less than 0 on Axis-2. Axis-3 is negatively 

correlated with very fine sand implying that creosote grows more abundantly on fine sand 

and white bursage less so. These are the same results encountered in the relative cover 

classification analysis. This contrasts with the conclusion of Marks (1950) who in a study 

of desert vegetation around Yuma suggested that creosote importance decreases with sand 

and that white bursage is able to withstand sandy conditions better. On the other hand, 

creosote also does better on silty clay to clayey soils than does white bursage so that care 

must be taken when interpreting the difference between a fine sand and a silt. However, 

there is no noticeable correlation - positive or negative - of Axis-3 with the other sand 

fractions so that this conclusion must be kept tentative. In any case, all plots within the 

triangular spread of plots formed by Axes-2 and -3 have varying amounts of creosote. 
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white bursage, and brittlebush, the quantity of which is in direct portion to the proximity 

to the vertices of the triangular spread of plots. For example, cluster "P' which is a 

creosote-white bursage mix is located roughly between the creosote "vertex" and the 

white bursage "vertex". One noticeable characteristic of this graph is that the riparian 

plots in cluster "i" form only a weak grouping. Referencing Table 3.6, it is clear that this 

is a result of the weak pattem of distribution of the above three species among cluster "i" 

plots. 

The graph of DC A Axes-1 and -2 (Figure 3.14) is similar to the graph of CA Axes-1 and 

-2 in that riparian "i" cluster plots are separated from the other clusters. For all the other 

clusters, however, the DCA graph is easier to interpret, as these clusters on are much 

more evenly spread out. CA Axes-2 and -3, on the other hand, are useful for clarifying 

relationships between plots based upon their composition in three dominant shmbs of the 

Sonoran Desert: creosote, white bursage, and brittlebush. The graph of NMDS Axes-I 

and -2 (Figure 3.15) is similar in interpretability to that of CA Axes-2 and -3. For 

example, brittlebush-dominated clusters are strongly correlated with NMDS Axis-1, 

NMDS Axis-1 being related to coarse material (Table 3.5). In contrast to CA Axes-2 and 

-3, however, cluster "i" plots are also correlated with the first axis. This seems natural as 

riparian plots in general are preferential to coarse soils. 
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As with relative cover classification, these results also show that CA, DCA, and NMDS 

can be used in combination with vegetation clustering to help illustrate the relationships 

between plots according to a relative density classification scheme. CA, DCA, and 

NMDS have been useful in studying YPG Sonoran Desert vegetation. The CA graph 

suffers mostly from compression of the leftmost end of the first axis, but a graph of the 

second and third axes was highly interpretable. Together, the second and third CA axes 

appear to have recovered an enviroiunent gradient or combination of gradients that 

controls creosote, white bursage, and brittlebush abundance. The graph of DCA 

ordination Axes-1 and -2 was more interpretable than the graph of CA Axes-1 and -2 in 

that it helps show relationships among plots that were compressed on the left side of the 

first CA axis. The graph of NMDS Axes-1 and -2 also separated clusters fairly well, but 

examination of the three axes of CA seemed to be more informative in terms of major 

species distribution among and between clusters. 

3.8 Final Class Selection for Remote Sensing Analyses 

As described in this chapter, a process was undertaken in which raw field data was re

formatted and transformed into two basic stands-by-species matrices, one of which was 

based upon the line transect and the other upon the belt transect. These two types of 

matrices highlight different aspects of the data, species cover and species abundance 

respectively. Data matrices based upon these two schemes were subsequently expressed 

as stands-by-species relative cover matrices and stands-by-species relative density 
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matrices. The next step was to order the plots (stands) in each of these matrices into 

natural groupings based explicitly upon vegetational similarities and implicitly upon 

environmental similarities. To do this, experiments were run using three algorithms: 

cluster analysis, TWINSPAN, and ordination analysis. In cluster analysis and 

TWINS PAN, plots were arranged into discrete groupings (clusters in the case of 

clustering and classes in the case of TWINSPAN). The original stands-by-species 

matrices were then ordered according to these groupings, as seen in Appendices II, in, IV 

and V. The nature of the groupings in each of these transformed matrices was then 

assessed. This was done by examining the vegetation similarities between plots within 

each group and by examining the vegetation differences between the groups themselves. 

The examination was carried out in two ways. The first way was simply to assess the 

vegetation composition of the data matrix itself, as expressed by cluster or class 

groupings. The second way was through ordination analysis, which projected the 

multivariate plots-in-species-space data into two or three dimensions. Plots in ordination 

space were then assigned identifiers corresponding to the cluster or class into which they 

have been grouped by cluster analysis or TWINSPAN. In ordination space, like plots are 

close together and dissimilar plots are not. Therefore, if plots in the same cluster or class 

were located together in ordination space, they were assumed to have some imiform 

attribute, typically vegetation composition. If on the ordination diagrams most or all of 

the clusters or classes showed this tendency, AND this similarity of vegetation 
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composition could be observed within these same clusters or classes in the original data 

matrix, then the algorithm used to group those plots was considered to be useful for 

categorisdng Sonoran Desert vegetation. The results from this study revealed that cluster 

analysis was superior to TWINSPAN for this classification. Both relative cover and 

relative density clusters formed relatively homogeneous, easily interpretable groupings in 

CA, DCA, and NMDS ordination space. However, by referring to the original relative 

cover and relative density matrices that were sorted by class, it was observed that the 

species distribution within and between relative cover classes was easier to see than in the 

relative density classes. The reason for this is largely because a relative cover cluster is 

usually dominated by relatively few species, typically one or two, and that other species 

play minor roles. In general, a few species also dominate the relative density clusters. In 

contrast to the relative cover classification, however, the overall dominance of these 

species is diminished by the presence and quantities of a range of other species that have 

been sampled by the belt transect. 

Bases upon the above investigations the classes from the two schemes that best 

categorized Sonoran Desert vegetation at YPG were: They are: 

1. the relative cover (in three height categories) clustering results 
2. the relative density (in three height categories) clustering results 

The class characteristics of each of these schemes is summarized in Tables 3.9 and 3.10: 
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Table 3.9 - Relative cover classcs for characterizing YPG vegetation. Sample ground photos for each of 
the above classes are given in Appendix VII. 

Class 
Number 

Relative Cover 
Class (acronym) 

Relative Cover Class 
(common name) 

Major Characteristics 

1 LATR-ms(A) Creosote-mixed scrub (A) Majority of cover creosote 0-0.5-m. 

2 LATR-ms(B) Creosote-mixed scrub (B) Creosote 0-0.5-m, minor white 
ratany, cacti species, white bursage. 

3 LATR/AMDU Creosote/white bursage Cover is mostly creosote and white 
bursage. 

4 LATR-dwarf Creosote-dwarf 100% or near 100% creosote cover 
in the 0-0.5-m height category. 

5 PAMI-ms Foothills palo verde-
mixed scrub 

Strong presence of foothills palo 
verde: up to 74% relative cover. 

6 OLTE-ms Ironwood mixed-scrub Strong presence of ironwood: up to 
74% relative cover. 

7 Riparian-ms Riparian-mixed scrub No one species dominant. Presence 
of riparian species (sweetbush, 
wolfberry, ironwood, f.palo verde) 

8 ENFA-ms Brittlebush mixed-scrub Dominance of brittlebush: up to 
100% relative cover 

9 LATR Creosote 100% or near 100% creosote 
relative cover 0.5-1.0m 

10 AMDU-ms(A) White bursage mixed scrub (A) White bursage relative cover 31% to 
67%, minor presence of brittlebush; 
some creosote, mostly 0.0-0.5-m. 

11 AMDU-ms(B) White bursage mixed scrub (B) White bursage relative cover 46% to 
90%, minor big galleta grass and 
creosote 

12 AMDU White bursage 100% white bursage relative cover. 
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Table 3.10 - Relative density classes for characterizing YPG vegetation. Sample ground photos for 
each of the above classes are given in Appendix VIH. 

Class 
Number 

Relative Density 
Class (acronym) 

Relative Density Class 
(common name) 

Major Characteristics 

1 OPBI/ENFA-ms Teddy bear cholla/brittlebush-
mixed scrub 

Greatest abundance (relative 
density) is teddy bear cholla and 
brittlebush 

2 ENFA-ms(A) Brittlebush mixed scrub (A) 34%-66% relative density 
brittlebush, minor white bursage 
and creosote 

J ENFA-ms(B) Brittlebush mixed scrub (B) 62%-90% relative density 
brittlebush 

4 AMDU/(LATR)-
ms 

White bursage/(creosote) 
Mixed scrub 

22%-63% relative density white 
bursage, moderate amounts of 
creosote 

5 AMDU/OPBI/ 
LATR-ms 

White bursage/teddy bear 
cholla/creosote mixed scrub 

21 %-51 % relative density white 
bursage, moderate amounts of 
teddy bear cholla and creosote 

6 AMDU-ms White bursage 
mixed-scrub 

58%-100% relative density 
white bursage 

7 LATR-ms(A) Creosote 
mixed scrub (A) 

20%-73% relative density 
creosote, minor to moderate 
white bursage and brittlebush 

8 OPUNT/LATR-ms Opuntia-species/ 
creosote mixed scrub 

11%-44% relative density 
Opuntia (cacti), moderate 
amounts of creosote 

9 LATR-ms(B) Creosote 
Mixed scrub (b) 

62%-100% creosote 

10 Riparian-ms Riparian-ms 6%-84% relative density 
sweetbush, presence of 
wolfberry and ironwood 

11 LATR/AMDU Creosote/white bursage Mostly creosote and white 
bursage 

12 LATR Creosote 83%-100% relative density 
creosote 

Appendix VI shows both the relative cover and relative density classes for each of the 

plots in the western part of YPG. Overall, there is no definitive relationship where one 

can predict the relative density class of a plot given the relative cover class of that plot, or 

vice versa. However, a few generalizations can be made. One, where white bursage is a 

dominant in a relative cover class for a certain plot, it also tends to be dominant in the 
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relative density class for that plot. Since white bursage is a relatively small shrub, it must 

be relatively abundant with respect to other species to be a dominant cover plant. This is 

also true for the relative cover brittlebush class, though the reverse is not true as many 

plots that have been classified as dominated by brittlebush in terms of relative density 

classes have not been classified as dominated by brittlebush in relative cover. This 

suggests that where white bursage is abundant, few other species are also abundant or 

dominant in cover. Where brittlebush is abundant in terms of density, however, other 

species may be dominant in cover. In Appendix VI for example, a number of riparian 

plots dominated by tree species in relative cover (palo verde and mixed scrub relative 

cover classes) are most abundant in brittlebush individuals. This highlights the greatest 

difference in relative cover versus relative density in classifying Sonoran vegetation. 

Referring to Appendix VI and tables 3.9, and 3.10 it becomes readily apparent that cover 

is the preferred method of mapping riparian tree species. 

In the case of creosote, many plots that are creosote-dominated in relative cover are also 

dominated by creosote in relative density, although the relative density classes for these 

plots tend to reflect the abundance of a co-dominant species, such as Opuntia or teddy 

bear cholla. In reference to Appendix VI and tables 3.9, and 3.10, density would be the 

preferred method of mapping the diversity of typical non-riparian desert areas. 
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CHAPTER 4: Remote Sensing Analyses 

Chapter 3 described how relative density and relative cover classes were created through 

vegetation clustering and ordination analyses. Chapter 4 will begin with a background on 

remote sensing in desert environments and then will describe the vegetation classification 

of YPG at the satellite scale. The vegetation classification will use the plot-level relative 

density and relative cover classes as the starting point for classification and analysis. 

Background 

4.1 Remote Sensing in Arid Environments 

Obtaining information pertaining to the nature of surface materials and their reflectance 

characteristics is an important part of any remote sensing investigation and should be 

done whenever possible. In an arid or semi-arid environment, the most important surface 

materials are vegetation, soil, and outcrop. Desert environments are characterized by 

aridity and in many places high temperatures. These forces exert a strong influence on the 

appearance of vegetation and soil on both the ground and fi'om a remote sensing 

perspective. The main characteristics of desert vegetation and soil that are relevant to 

remote sensing are discussed below. 

Characteristics of tiie Desert: Vegetation 

To survive the lack of water and heat, desert plant life has evolved a number of 

morphological and fimctional adaptations. Where water is concerned there are two 
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necessities: the need to acquire water and the need to prevent its loss. In contrast to plants 

from more humid areas, water loss through transpiration must be reduced. One way is to 

have smaller leaves (e.g., creosote bush, mesquite, and catclaw). Other adaptations of 

desert plants to increase leaf resistance to water loss include thicker leaves (Fitter and 

Hay, 1987), thick layers of cutin, and coatings of wax on the leaves (Martin and Juniper, 

1970). Leaf hairs in some desert plants (e.g., white bursage, and brittlebush) can also 

reduce transpirational water loss by increasing the boundary thickness. Another way to 

reduce water loss is simply to drop leaves during the driest parts of the year (e.g., white 

bursage). Other plants don't even have leaves for most of the year, depending instead 

upon photosynthetic material in their stems (e.g., crucifixion thorn, and Mormon tea). 

Smaller leaves in desert plants not only help prevent water loss but also reduce 

overheating as well. Smaller leaves intercept less solar energy. Smaller leaves are also 

more easily cooled by convection, which is thought to be the dominant mode of thermal 

regulation in the desert (Gates et al., 1967). This cooling by convection is also enhanced 

by the relative openness of desert plant canopies, as desert plant canopies generally have 

leaves that do not overlap. Plants can also decrease heating by reducing the amount of 

intercepted sunlight. One way to do this is by increasing their reflectance, as with leaf 

hairs. Reflectance may also be increased by salt secretions on the leaves, as with desert 

holly. On the other hand, some plants have evolved a strategy for keeping relatively cool 

by avoiding direct sunlight. The leaves of many desert plants, such as creosote and 
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mesquite, change orientation as the sun moves across the sky throughout the day, so that 

by midday the leaves are vertical to avoid the strongest heat. 

Characteristics of the Desert: Soil 

The characteristics of a desert soil are closely related to climatic factors. The lack of rain 

that contributes to a dearth in vegetation also produces soils with low organic matter 

content. With a low vegetation cover, aeolian and fluvial (runoff when it does rain) 

processes contribute to the loss of fine particulates. As a result, desert soils are usually 

left rather coarse. Furthermore, the lack of water restricts the leaching of salts (e.g., 

calcites, carbonates) from the soil so that they can become concentrated causing the soil 

to become saline or alkaline. Extreme cases of saline soils occur in desert playas (dry lake 

beds) at the center of basins with internal drainage. In some cases, rock-like lime hardpan 

deposits called caliche can form locally. This happens when clay and calcium carbonate 

are carried from the surface to the depth at which the occasional rains penetrate (from a 

few inches to a few feet) and subsequently dry out (McGinnies, 1981). Another notable 

characteristic of desert soils is the formation of desert or stone pavement. Desert 

pavement consists of a carpet of rock fragments of fairly uniform size. These fragments 

lie embedded closely together in a thin soil. Desert pavement is typically covered in a 

dark "desert varnish" from chemical weathering and is usually devoid of vegetation. 
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Interaction of Solar Radiation with Desert Vegetation and Soil 

Light interactions, i.e., reflectance, transmission and absorption, with plant and soil 

materials in the desert determine what we see using a remote sensor. At ground level, the 

human eye can perceive individual field components, however, as the distance above the 

ground increases, it becomes increasingly difficult to separate objects. At the satellite 

scale, the reflectances from all objects within the instantaneous field-of-view (IFOV) of 

the sensor mix to produce a single value for an image pixel. Since the human eye has 

difficulty in determining objects within typical satellite resolution elements, computer-

assisted analysis is necessary. Computer-assisted analysis or pattem recognition can 

actually be divided into two 'schools' based upon the paradigm of what to actually call a 

given pixel. In one 'school', the pixel is classified as 'pure' in the sense that it is only one 

class, for example granite, vegetation, or water. The other 'school' of pattem recognition 

sees the pixel as a combination of different classes, such as a mixture of a soil and 

vegetation. Based upon a desert example as mentioned above, clearly a pixel will 

invariably be a combination of two or more classes, typically soil and vegetation. Which 

method of classification will be chosen should depend upon the goals of the investigation, 

the minimum mapping unit required, and the capability of a classification algorithm in 

the given terrain. 

Supplied with the above information, when mapping land cover two perspectives must be 

considered: the characteristics of light interactions at ground level and how these 
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interactions contribute to the reflectance recorded at the sensor. Atmospheric constituents 

that can absorb, scatter and refract electromagnetic energy, however, also alter the signal 

that actually reaches the sensor. Components such as water vapor can fluctuate spatially 

and temporally so that some sort of compensatory correction is needed, especially in 

change detection studies. This is the case for optical imagery, since the atmosphere is 

transparent to most radar wavelengths. In addition to atmospheric effects, however, there 

are also other causes, which can add a bias to an image that is not due to actual change. 

Such effects include sensor gains and offsets, solar irradiance and solar zenith angles (see 

discussion below). Chavez, (1996) proposed an imaged-based method for correcting these 

variables which results in an image whose pixel intensities are close to the actual ground 

reflectance (4.4 describes the application of this method to Landsat TM data). 

A number of variables affect vegetation reflectance at ground level. The main factor is the 

nature of green vegetation. In the visible spectrum, leaves appear green because of the 

presence of chlorophyll, which is necessary for photosynthesis. Absorption of blue and 

red light is stronger than that of green light so that leaves appear green. However, many 

desert plants have reduced amounts of chlorophyll so that they don't absorb as much 

radiation. As a result, their reflectance is a duller green. Furthermore, salt, wax, and hairs 

on the leaves of some plants will increase the overall visible and near-infrared 

reflectance. One reason for this is that the near infixed energy is not necessary for plants 

to survive so that it is essentially reflected away by the cell walls of the plant. Reflectance 
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of NIR energy is important because if it were absorbed it would be transformed into heat, 

which is often excessive in the desert. However, water in leaves strongly affects the 

reflectance of NIR energy. Many desert plants have a relatively lower amount of water in 

their leaves than do plants growing in more humid environments so that their NIR 

reflectance is somewhat decreased. These two factors cause the typical NlR/visible light 

reflectance profile to be somewhat less in desert plants. However, detection of the change 

from red (chlorophyll absorption) to NIR reflectance (strong leaf reflectance) is 

particularly useful in the detection of low amounts of green vegetation. The reasons for 

this are: 1) The chlorophyll red-edge is the sharpest spectral feature of green leaves; 2) 

the red-edge is absent in rocks, soils, and most plant litter materials; and 3) there is good 

solar illumination from 0.7-0.8 (Elvidge et al., 1993). 

The structure of the entire plant and other elements in the landscape also influences the 

reflectance. As mentioned, many desert pizmts have vertical leaf orientations, which trap 

reflected radiation within the canopy, with a corresponding reduction in the amoimt of 

radiation reflected vertically (Jackson and Huete, 1991). This non-lambertian reflectance 

can also be strongly influenced by view and solar zenith angles. Jackson and Huete 

(1991) show that at a constant solar zenith angle of 51.4° the NIR/red ratio more than 

doubled as viewing angles changed from -45° (viewing towards the sun) to +45° 

(viewing away from the sim). The change in this ratio is largely a result of the greater 

change in red reflectance, whereas NIR reflectance is more constant as a large portion of 
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shown that the NIR/red ratio at a constant view angle nearly doubled for a sun angle 

change of less than 30°. Furthermore, Ranson et al. (1995) found that changes in 

reflectance properties with changes in solar zenith angle changes were especially true for 

canopies with low Leaf Area Indices (LAI). Shadow effects are also closely related to the 

view and solar angle. The nature of shadowing will depend to a significant degree on the 

geometry of the whole plant. To model the reflectance of a plant, its shadow, and the 

underlying soil a geometric-optical approach can be taken. Here, bi-directional 

reflectance is modeled as a purely geometric phenomenon that results when scenes of 

discrete, three-dimensional objects are illuminated and viewed from different positions in 

the hemisphere (Li and Strahler, 1992). In these models, plant canopy reflectance can be 

modeled as a summation of four components including sunlit leaf or canopy, shaded leaf 

or canopy, sunlit background and shaded background. The variation in reflectance 

between these components is usually much greater than the within-component variations. 

If the vegetation is strongly absorbing, the effects of multiple scattering will be furthered. 

Franklin et al. (1993) measured the reflectance of these components in Chihuahuan desert 

plant communities (shrubs, soil, subshrubs, perennial grasses) using a hand held 

radiometer whose bandpasses corresponded to those of the SPOT satellite. The samples 

where taken using 1 and 15 degree field of views and when the solar zenith angle was no 

greater than 59 ° degrees and no less than 10 °. They found that differences in sunlit 

canopy and sunlit soil were always greatest in the red waveband (except when the soil is 
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very bright and the canopy very sparse) and that in the NIR waveband, there was not 

much difference (because the soil in the study area had very high NIR reflectance and the 

open canopies had high NIR transmittance). They also found that the shaded canopy and 

shaded background reflectances were similar to each other in the NIR and to the sunlit 

components in the red waveband. Furthermore, green vegetation indices (see section 

below) differences for the sunlit canopy in the dominant shrub types (tarbush, creosote 

bush, mesquite) were not great at the end of the growing season, appearing to be more 

related to biomass than morphology, as crowns were open and soil reflectance prominent. 

Non-linear signal mixing from multiple reflections between the vegetation and soil 

should also be taken into account (Huete et al., 1985, Ray and Murray, 1996). Non-linear 

mixing is particularly important in desert environments since, as discussed above, 

canopies are often open and leaves small (e.g., creosote bush). Other factors that hinder 

easy modeling of desert vegetation include the fact that most desert vegetation have 

opaque leaves which transmit no light (Gates et al., 1965) and that different soil 

backgrounds can have strong influences on the reflectance of identical plants (Huete et 

al., 1985). This latter is especially important in desert areas where soil exposure is 

prominent and spatially variable. 
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Given the above difficulties, mapping and differentiating desert different desert 

vegetation communities can be a challenge. The next two sections discuss meeting this 

challenge from both an optical and microwave remote sensing standpoint. 

Optical Remote Sensing of Desert Vegetation 

Remote sensing of desert vegetation has focused primarily on mapping the extent of 

vegetation in relation to non-vegetation. The majority of these studies have employed 

vegetation indices, which exploit the differential reflectance of vegetation in the NIR 

region of the electromagnetic spectrum against the reflection in the red region. Many of 

these studies have been done at a regional scale using the Normalized Difference 

Vegetation Index (NDVI) created from coarse spatial resolution AVHRR imagery (e.g., 

Malo and Nicholson (1990), Hobbs (1990), Tucker et al. (1994)). Millington et al. (1994) 

discuss the potential and limitations of the relationship between vegetation growth and 

AVHRR-NDVI and how it can be modeled. Clearly, the high temporal resolution of the 

AVHRR sensor makes it a valuable tool for monitoring and mapping vegetation, yet with 

a 1.1 km resolution cell, there is a limit to more localized and specific determination of 

vegetation properties. While Landsat Thematic Mapper (TM) and SPOT imagery have 

spatial resolutions superior to that of AVHRR (30m and 20 m respectively), their 

temporal resolution is much coarser so that it is more difficult to map or monitor 

vegetation based upon seasonal or daily growth characteristics, especially in response to 

rainfall. Rain in the desert can be sparse, localized and unpredictable so that a sensor with 
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a high temporal resolution is essential for a successful change detection approach. 

Hyperspectral imagery such as AVIRIS has high spectral and spatial resolutions, and thus 

great potential for desert vegetation investigations. Elvidge et al. (1993) report that 

broadband data (e.g., TM) are unable to distinguish slope variations from the red to NIR 

in background materials (soil) from the red versus NIR signal of green leaves at green 

vegetation cover levels of typical desert regions. By using AVIRIS data however, they 

found that they could detect the chlorophyll pigment absorption from 650 to 700 nm and 

the chlorophyll red edge from 700 to 750 nm in green vegetation down to covers of 4.8%. 

However, hyperspectral imagery is currently storage intensive and expensive, so that 

most present studies use satellite imagery of more modest resolution and cost. 

While NDVI use is widespread, it is relatively sensitive to soil and atmospheric effects. 

Attempts to reduce these extrinsic effects have led to the formulation of a number of 

other vegetation indices such as the Soil-Adjusted Vegetation Index (SAVI, Huete, 1988), 

the Modified Soil-Adjusted Vegetation Index (MSAVI2, Qi et al., 1994) and the 

Atmospherically Resistant Vegetation index (ARVI, Kaufman and Tanre, 1992). Indices 

such as SAVI and MSAVI2 are reported to be most useful in regions of low vegetation 

cover where surrounding soil reflectance is strong. Nevertheless, they have not been used 

widely in other than theoretical studies, so that the NDVI remains the leading index for 

vegetation studies (Rondeaux et al., 1996). 
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Given that in desert terrain significant mixing of soil with vegetation occurs, methods 

which "unmix" a pixel into individual components seem promising. A nimiber of 

different methods of doing this have been attempted. Horwitz et al. (1971) and Marsh et 

al. (1979) used maximum-likelihood type techniques for unmixing agricultural and desert 

terrain respectively. The method of Marsh et al. (1979), however, consistently over

estimated the pixel component percent of the vegetation. More recent methods that have 

been used in desert environments for cover type mapping include linear mixture 

modeling. Linear mixture modeling, or spectral mixture analysis, decomposes an image 

into a number of pure "endmembers" such as vegetation, rock, soil and shade which are 

assumed to mix in a linear fashion to produce a given pixel reflectance value as measured 

by a particular sensor. These image endmembers can then be correlated to "pure" 

reference endmembers collected in the field or from the image under study. Smith et al. 

(1990) used mixture modeling to separate vegetation from other materials and from the 

effects of differential illumination, atmosphere, and instrument response using TM 

imagery of the semi-arid Owens Valley in California. They derived five image 

endmembers: four of which described the bajadas and one of which was found in riparian 

areas only. They then matched the image endmembers with reference endmembers 

derived from field data. They found that the bajada endmembers corresponded to two 

soils, "tan" soil and "gray" soil, vegetation {Artemsia), and shade. The riparian 

endmember was matched to the reference vegetation endmember Populus. Smith et al. 

(1990) note that that the spectrum of reference endmember Artemsia is similar to that of 
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several other bajada vegetation species. This implies that reflectance of Artemsia as a 

species does not completely match the bajada vegetation endmember, but that the image 

endmember is composed of Artemsia-hkc material. Similarly, the riparian image 

endmember would be comprised of Populus-Wke vegetation. According to Smith et al. 

(1990) the fact that only two spectral vegetation endmembers among a diverse mix of 

plant species and community types could be found is in conflict with studies that suggest 

direct identification of desert vegetation by TM can be made (they specifically point to 

the paper of Satterwhite and Henley (1987)). They grant, however, that identification 

might be possible with higher resolution imagery. Another important finding of Smith et 

al. (1990) was that vegetation cover was largely independent of soil type on the bajadas. 

Another linear mixture modeling study using TM was carried out by Sohn and McCoy 

(1997) in which desert shrub in Long Valley, Nevada was mapped. With only TM bands 

1, 2, 3, and 4, they used a mixture model with just three members; vegetation, soil, and 

shade. They found that the unmixing technique could provide moderate estimates of 

vegetation fractions in arid rangeland. Their results also suggest, however, that arid areas 

with light and dark soils can be partitioned into several regions of uniform soil 

background and then immixed. 

In summary, the chief problem in remote sensing of desert vegetation using optical 

sensors is the difficulty in separating the spectral response vegetation from that of other 



160 

surface materials in satellite imagery. In the desert, where vegetation is sparse, soil 

spectral response can overwhelm the vegetation spectral response. This problem is 

compounded by desert plant morphology, which is characterized by adaptations that 

minimize the amount of direct sunlight incident on the individual plant, thus reducing the 

amount of reflected light from the vegetation itself which reaches a remote sensing 

system. Since most research has concentrated on the mere sensing of vegetation in the 

desert, the ability to map vegetation to the community or even species level is 

questionable where plant species mix each other and with other surface materials. There 

does appear to be some promise, however, in the use of hyperspectral imagery, in the 

application of pixel unmixing techniques, and in the use of classifiers, such as artificial 

neural networks, that can utilize multisource data in the classification procedure. Finally, 

the usefulness of radar in the remote sensing of desert vegetation is a line of research that 

has not been fiilly addressed in the literature. 

Radar Remote Sensing of Desert Vegetation 

The application of radar, especially from a satellite platform, to vegetation mapping in the 

desert is still a relatively new technique, reflected in the scarcity of studies reported in the 

literature. In fact, the research and application remote sensing communities are still in the 

early stages of understanding the characteristics and uses of spacebome radar, as much of 

the previous research has been using airborne platforms (Haack and Bechdol, 1999, 

2000). Microwave remote sensing of vegetation cover, particularly synthetic aperture 
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radar (SAR), has been largely in the boreal and tropical regions, where the all-weather 

capability of SAR has been useful (e.g.. Ahem et al., 1993; Ranson and Sun, 1994; Hess 

et al., 1995). Many other studies have involved remote sensing of agriculture. In general, 

these studies have shown that radar backscattering (o°) from a vegetated soil surface 

consists of three compxinents: 1) a soil surface component, 2) a vegetation component, 

and 3) a surface-vegetation interaction component (Dobson and Ulaby, 1986)): 

^ (oul ^ soil ^ vegeoiiaii ® intenctiaa [^] 

The surface-vegetation interaction term is determined by multiple reflections between the 

vegetation canopy and the surface. This term is thought to become significant when there 

is significant volume scattering from either the vegetation or the soil and can be the 

dominant term in cross-polarized returns. Attenuation and vegetation volume scattering 

increase as either the frequency or the incidence angle increases. Both attenuation and 

volume scattering are linked to the canopy's biophysical properties, including canopy 

type, canopy structure, and the water volume fraction within the canopy (Dobson and 

Ulaby, 1986): 

O°vegearion = 3 Aj COS q [1 - T^ (q, t )]/4 ke [2] 

where ks is the volimie scattering coefficient, kg is the extinction coefficient of the 

vegetation layer, and T (q, t) is the one-way transmissivity of the vegetation. This term is 

only applicable to like-polarized returns, though kg and kg are assumed to be polarization 



162 

and direction independent. If the vegetation layer is treated as a uniform "cloud" of 

identical water particles, the resulting scattering will be completely a result of volume 

scattering (Dobson and Ulaby, 1986). Using the "water-cloud" model to analyze a° 

(Attema and Ulaby, 1978)): 

where t^ is the two-way attenuation of the vegetation layer. In C-band the scattering 

contribution of vegetation is significant only at high levels of biomass. For semi-arid 

regions where the biomass is less than 1 kg/m^, can be considered negligible 

(Troufleau et al., 1994). Therefore, the two-way attenuation, which is mainly a function 

of vegetation water content, is the only effect to be taken into account from vegetation in 

semi-arid areas. This attenuation factor was given by Prevot et al. (1993a, 1993b) as: 

where B is a constant related to the canopy type and canopy structure for a given radar 

configurations, nv, is the volumetric water content of the vegetation, and q is the radar 

incidence angle. The soil contributions can be expressed as a linear function of its 

volumetric soil moisture content, hy 

vcgctabOQ [3] 

t^ = exp [-2 B nv,/cos q] [4] 

S°joil — C + D hy [5] 
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where C is a roughness dependent parameter and £> is a constant. 

In desert regions soil moisture is rarely above 20%, indicating that the contribution from 

a°„i, may be small or approximately the same magnitude as o°v«g«t«tioo- Sano et al. (1997) 

correlated leaf area index (LAI) derived from mulitemporal TM images with o° from 

multitemporal ERS-1 SAR data in the Walnut Gulch Experimental Watershed, a semi-

arid rangeland in southeast Arizona. They found a high, positive correlation indicating 

that vegetation in semi-arid regions does significantly contribute to the radar backscatter 

observed with SAR systems. They attributed this to the low soil moisture contents in 

semi-arid regions (< 20%). In other words, the contribution from soil moisture (typically 

< 20% on a volumetric basis) in the backscattering process in semi-arid regions is not 

significantly higher than that from vegetation, indicating that the influence of vegetation 

becomes significant in multitemporal radar data analysis. Sano et al. (1997) also found 

that soil roughness as well as vegetation in ERS-1 backscatter was significant in their 

study area. 

Since radar backscatter is highly dependent on the geometrical and electrical properties of 

a given terrain, studying the angular and polarmetric behaviors of this backscatter is the 

key to extraction of structural information about the terrain (Dobson et al., 1995). Though 

the dielectric constant of water is high, the low soil moisture of desert areas will increase 

the importance of soil roughness and vegetation and soil volume scattering in radar 
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backscatter. One example comes from the like- and cross- polarized images taken with a 

single L-band SAR over Furnace Creek Ranch in Death Valley (Sabins, 1987). Although 

these images are similar, brightness variations seen in the cross-polarized images were 

attributed to the depolarizing effects caused by vegetation volume scattering. Such studies 

suggested that SAR has the potential for mapping desert vegetation. In an African study, 

Haack and Bechdol (2000) reported "excellent" classification accuracies in a Tanzania 

semi-dry study area using SIR-C L- and C-band SAR. They classified water, settlement, 

agricultural and natural vegetation classes, the natural vegetation consisting of dense 

brush 2-3 m in height. Haack and Bechdol (2000) found that classification accuracy was 

slightly higher for L-band than for C-band. In the case of the natural vegetation, L-band 

classification accuracy was only 2.5% higher on average than C-band accuracy. Although 

L-band is considered to be generally better than C-band for vegetation assessments 

(Haack and Bechdol, 2000), the thick vegetation prevented L-band canopy penetration so 

that L-band returns were similzir to C-band returns. In another broad classification study, 

Smara et al. (1998) interpreted general cover types in the southern piedmont of the 

Saharian Atlas in Algeria using Landsat TM and ERS-1 imagery, using unsupervised 

classification techniques as well as PCA and Intensity, Hue, Saturation GHS) 

transformations. They foimd that there was a good correlation between different types of 

land cover and land use and ERS-1 backscatter. 
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Since the launch of Seasat in 1978, there has been an increase in the number of 

spacebome platforms carrying SAR instrumentation, such as ERS-1, JERS-1 (Japanese 

Earth Ressources Satellite), RADARSAT, and the Shuttle Imaging Radar (SIR) missions. 

The availability of this imagery and the potential for deriving vegetation information 

based on the relationship of SAR backscatter to the (dielectric) electrical properties (of 

which water has the most influence) and structure of the terrain and terrain elements 

makes it of prime interest for investigations in the desert. According to Tueller (1987), if 

SAR could be used to infer species composition or at least the presence or absence of 

certain important species, it would be a significant breakthrough in arid land remote 

sensing. Furthermore, more research is needed to increase our understanding of how SAR 

compares to and complements visible and near infixed wavelengths (Haack and Bechdol, 

1999, 2000). 
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4.2 Classification Algorithms 

Supervised classification is the process of classifying multispectral imagery using 

reference data (ground "truth"). In the present study the reference data are the LCTA-

derived vegetation community classes (hereafter referred to as LCTA-derived vegetation 

classes). In the supervised classification in this dissertation, spatial regions of the 

multispectral imagery corresponding to LCTA-derived vegetation class plots are sampled 

to collect data on the spectral patterns for each class. These patterns are then used to train 

each classifier. Once the classifier is trained, the entire image dataset is classified with 

each pixel being assigned to one of the LCTA-derived vegetation classes. Two supervised 

approaches, one parametric and one non-parametric will be discussed. 

Maximum Likelihood Classification 

The maximum likelihood classification algorithm, like all parametric classifiers (e.g. 

Euclidean Minimum Distance, Parallelepiped), requires that the number of classes be 

specified in advance and that certain statistical characteristics of each class be known. In 

the case of maximum likelihood classification, the necessary statistics derived from the 

LCTA-derived vegetation class plot sampling are the mean for each class and the 

covariance between spectral bands for each class. The maximum likelihood classification 

model assumes that the training data follows a Gaussian distribution. Under this 

assumption, the distribution of LCTA-derived vegetation class response patterns can be 

completely described by the mean vector and covariance matrix (which describes the 
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variance and the correlation) (Lillesand and Kiefer, 1979). Using these statistics, the 

algorithm creates n-dimensional ellipsoids for each LCTA-derived vegetation class. 

Using two-dimensional space, for visualization purposes, the lengths of the X- and Y-

axes will represent two image bands. Now, the axes of an ellipse representing a 

vegetation class projected on to these X- or Y-axes are proportional to the variances of 

the training data of that class derived from the two image bands. The orientation and 

length of these two ellipsoid axes then reflects the covariance between the two bands. For 

example, when both axes are of similar length, the covariance tends towards zero. When 

the long axis slopes upward and to the right in XY space, and is three times the length of 

the short axis, then there is a high, positive covariance between the two bands. In other 

words, high values of one band are associated with high values in the other band and vice 

versa. Where a pixel falls in XY space, or in n-space, in relation to the ellipses 

representing each class, will affect class-assignment for that pixel. To further define the 

dimensions of the class ellipses, a family of concentric ellipses centered on the n-variate 

mean of each class can be thought of (Mather, 1999). Each concentric ellipse for each 

class represents a contour of probability of membership for that class, with the probability 

of membership increasing towards the mean of the training cluster. Thus, a pixel close to 

the centroid of one vegetation class may fall within a contour indicating that there is a 

95% probability that the pixel belongs to that vegetation class, whereas a pixel falling 

farther away from mean center may fall within a 40% equal-probability contour. When 

equal-probability contours are defined for all classes, than the probability that a pixel 
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belongs to each class is calculated. In a typical "hard" classification, the pixel is simply 

assigned to the class with the highest probability. The maximum likelihood algorithm is 

especially helpful when the ellipsoids of two or more different target classes overlap in n-

dimensional space, because it provides this statistical test for automatically deciding 

whether a pixel in the overlap region belongs to one class or another (Vincent, 1997). 

Mather (1999) gives an equation for calculating the probability that a pixel will belong to 

a given class in a multi-dimensional case. 

To qualify for maximum likelihood classification, each class must have at least /i + 1 

pixels. For a TM dataset with six non-thermal bands, this would mean that at least 7 

training pixels per class are necessary. Even so, this may translate into a disadvantage of 

maximum likelihood classification because while the assumption of normality may be 

acceptable for many training classes, some other classes may be so spatially restricted 

that there are still insufficient pixels to fit a Gaussian distribution. Vincent (1997) 

mentions two examples of spatially restricted classes: unique outcrops associated with 

mineral deposits and limited areas affected by a contamination spill. In this dissertation, 

an example would be the 100% relative cover class white bursage. 



Artificial Neural Network Classification (Backpropagation) 

An artificial neural network (ANN) consists of a number of interconnected processing 

elements (PE) or neurons that work in parallel to categorize input data into output classes. 

The most commoiJy used ANN in remote sensing applications is the backpropagation 

network, which requires supervised learning. As with maximum likelihood classification, 

the backpropagation network is trained on a set of input patterns. Unlike the maximum 

likelihood classifier, however, the training patterns are not used to build statistics for each 

class. Rather, each input pattern is presented to the ANN along with an associated output 

class. The net then leams these patterns in such a way so that when a new set of patterns 

are presented without outputs, these new patterns are classified into one of the desired 

output classes. For example, a neural net is presented a number of patterns that are to 

pixel intensities on a Landsat image. Associated with each pixel intensity pattem, is a 

corresponding vegetation class obtained from reference data. After the network is trained, 

the neural net is fed the Landsat image pixels sequentially and the ANN classifies the 

image into the various vegetation classes. 

In a backpropagation ANN, PEs are divided into an input layer, one or more hidden 

layers, and an output layer. The number of PEs in the input layer equals the number of 

input patterns (e.g. the number of image charmels) and the number of PEs in the output 

layer equals the number of output classes. In a backpropagation ANN with one hidden 

layer, each of the PEs in the input layer is connected to each of the hidden PEs and in 



turn, each hidden layer PE has one connection to each PE in the output layer. 

Backpropagation networks are feedforward networks in the sense that numerical values 

are passed or fed from the input layer to the hidden layer and from the hidden layer to the 

output layer. Each input PE's connection to each hidden layer PE has a weight value 

attached to it. During the backpropagation algorithm, the input PE's value is multiplied 

by that weight. At each PE, then, the sum of all the (input PE * weight) connections are 

summed to produce what is known as that PE's intemal activation. This number is then 

usually modified by adding a bias and scaled with a threshold function to produce the 

output of the PE. The most common backpropagation threshold function is the sigmoid 

transfer function which scales the activation to a value between 0 and 1. In a similar 

fashion, the activation and output of each PE in the output layer is calculated by summing 

its (hidden layer PE * weight) connections and then thresholding the results. The way a 

backpropagation network learns is by adjusting the above mentioned weight values 

during successive training iterations. After each iteration during training, the values of the 

output PEs are compared to the correct output and the difference calculated as an error. 

The term "backpropagation" refers to the process of moving from the output layer 

towards the input layer, and adjusting the weight values so that the error is minimized. In 

backpropagation the generalized delta rule (gradient descent rule) is usually used 

(Heermann and Khazenie, 1992). Here, the values of the weights are adjusted by an 

amount proportional to the first derivative (gradient) of the error between the actual and 

target output. The idea is to minimize the error by using a global minimimi rather than a 
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local minimum. Two other elements of a backpropagation network include the learning 

rate and the momentum term. The former is an adjustable constant which helps change 

the weight vectors during training while the latter is a term that is that is used to keep the 

weight change process in motion, so that it does not get stuck in local mimimas. 

Backpropagation training continues until either a specified number of training iterations 

has been completed or until a specified error has been reached. 

Applications of ANNs in remote sensing generally date fi-om the early 1990s. According 

to Hepner et al. (1990), application of the ANN approach to land-cover classification was 

substantiated in Hepner and Ritter (1989). Other early papers are by Bischof et al. (1992), 

Heerman and Khazenie (1992), and Benediktsson et al. (1990) and McClelland et al 

(1989). It has been just in the past several years that ANN applications in remote sensing 

have become common. Some of the more recent papers include: Foody et al. (1995), 

Paola and Schowengerdt (1995), Paola and Schowengerdt (1997), Warner and Skank 

(1997), and Atkinson and Tatnall (1997). Research fi-om these papers and fi-om 

applications in other fields has generated information on some key advantages and 

disadvantages of ANNs. These advantages and disadvantages are discussed by Mather 

(1999). The most important advantages of ANNs include; 

1. An ANN can accept multisource data whether or not this data (in the form of 
numerical inputs) conforms to a statistical distribution or not. 
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2. ANNs can generalize in that they can recognize inputs that are similar to those 
which have been used to train them. According to Hepner et al. (1990), they 
are also able to classify data with a smaller training set than is required for a 
conventional classifier. 

3. Since ANNs consist of a number of layers of PEs connected by weighted 
links, they are tolerant of noise present in the training patterns. 

The most important disadvantages of ANNs include: 

1. The steepest-descent algorithm may reach a local rather than a global 
minimum, or may oscillate. 

2. Differences in the initial weight assignments may lead to different results, up 
to 11 as ref)orted by Ardo et al. (1997). 

3. Adjustments of the weight connections of an ANN during training may result 
in over-specialization, where the ANN becomes too closely adjusted to the 
characteristics of the training data. The ANN may then fail to recognize 
patterns that are different from the training data. Larger networks (with more 
PEs) tend to have a poorer generalization capability than smaller networks 
(Mather, 1999). 

Linear Mixture Modeling 

The maximum likelihood and ANN classifiers were discussed under the assumption that 

each pixel belongs to a certain class and that is the task of the classifier to determine what 

that class is. The spectral mixing approach on the other hand, considers that the DN value 

in each pixel is a result of the mixing of reflectances of various surface materials within 

the instantaneous field-of-view (IFOV) of the sensor. It should be noted that the mixing is 

inherent at any scale or resolution. For example, in a semi-arid region soil and vegetation 
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will mix within a TM pixel, whereas in high spatial resolution data, where vegetation is 

more easily separated from soil, there will be mixing of reflectances from sunlit and 

shadowed leaves £is well as branches. In the linear spectral mixing modeling approach, it 

is usually assumed that the reflectances from a few dominant surface materials within the 

IFOV mix linearly to produce the reflectance for a given pixel. Using mixture modeling, 

an image is decomposed into a number of flection images, each fraction image 

corresponding to one of the surface materials. Each of these materials is known as an 

endmember. The intensity of each pixel in each fraction image (for example rock 

fraction) is proportional to the amount of the class (in this case rock) which is actually 

present. This is in contrast to regular classification where each class takes up a discrete 

portion of the classified image. On the other hand, the selection of endmembers is akin to 

supervised classification. Endmembers are 'training' classes for the mixing model and an 

attempt is made to choose 'pure' classes as is done in supervised training. As with 

supervised training, endmembers may be chosen using reference data, image data or both. 

However, in contrast to supervised classification, linear unmixing does not place a pixel 

into a single discrete class, instead the pixel is decomposed into number of images as in 

the following equation from Smith et al., (1990): 

AT 

DN^, =1. FiDNi^iy + Eb and 
N 
Z F/ = 1 [7] 

f=l f=l 
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Dtit, is the uncalibrated radiance in band 6 of an image pixel, F/ is the fraction of 

endmember i, DN; b is the relative radiance of endmember i in band b, N is the nimiber of 

endmembers, and Efj is the error for band b of the fit of N spectral endmembers. In a 

typical spectral unmixing application, the fraction endmember combination for each pixel 

in the image is calculated by least squares regression. In this procedure, the maximum 

number of endmembers (N) is one more than the number of bands. 

Now in mixture modeling, the fraction of abundance of each endmember is between 0 

and 1 in each pixel and they all sum to 1. However, each endmember need not be 'pure', 

since it may be possible that no 'pure' pixels may exist in the scene. Therefore, it needs to 

be realized that most pixels in a remote sensing image represent a spatial average of 

spectral signatures from two or more surface categories. Four reasons why spectral 

signatures may be mixed are summarized from Schowengerdt (1996): 

1. Most natural land cover categories have an intrinsic, spatially-mixed nature. 

2. A physical continuum may exist between discrete category labels. 

3. Mixing may occur from resampling during geometric rectification. 

4. Mixing can occur from the spatial integration defined by the sensor's point 
spread function. 

Furthermore, if a mixed pixel is considered, there may be a difference in whether or not 

the mixing is a result of more than one specific category or from within-class variance of 
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one category. It is also important when using linear mixing modeling that the 

endmembers be relatively pure. Even so, it is assumed that solar radiation strikes each 

target individually, for example soil and vegetation, and then mix linearly by the time 

they reach the sensor. Now, shade can also be considered an endmember and mix with the 

other signals in various proportions, with the caveat that all endmember sum to unity in 

each pixel. Finally, it is supposed that the coefficient applied to the spectrum of each 

material is approximately equal to the amount of area covered by the corresponding 

material (Ray and Murray, 1996). It should be noted, however, that non-linear mixing 

does occur with light reflected from earth materials. Nonlinear mixing occurs when light 

from multiple targets interact. For example, light may be transmitted through leaves, 

strike the soil stratum and then be transmitted back through the leaves again or reflected 

up towards the sensor. In both linear and non-linear mixing the electromagnetic energy 

has been changed each time it interacts with a different material. Boardman (1994) points 

out that linear mixing occurs in the instrument, whereas non-linear mixing occurs 

primarily in the material being observed by the instrument. 
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4 J Classification Error Rate and Accuracy Assessment 

YPG is a large study area with a small number of samples (see 4.61) available for training 

and testing a given classification algorithm. With this limited amount of samples, care 

must be given to not only training a classifier, but to testing it. Therefore, methods to test 

classifiers and assess accuracy assessment must be investigated. 

Classification Error Rate 

To gauge how well a classifier performs involves an estimation of the error rate of the 

classifier. Error rate can be defined empirically by the equation: 

nvmiber of errors 
error rate = number of samples [8] 

When the number of samples approaches infinity, the error rate approaches the true error 

rate, which is the error rate of the classifier on an asymptotically large number of new 

cases that converge in the limit to the actual population distribution (Weiss and 

Kulikowski, 1991). In essence, what is desired is a classifier that minimizes this error 

rate. Unfortunately, when training a classifier, the number of samples will usually be 

relatively small so that other ways of estimating the error rate (i.e., how well the classifier 

actually performs) must be investigated. One way is to consider the misclassiflcation 

cost. Misclassiflcation cost is a measure that is higher when certain classes are mapped 

incorrectly. Now, depending on the application, it might be more detrimental to 
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misclassify one class than another. For example, at YPG misclassiiying a palo verde-

mixed scrub pixel as riparian-mixed scrub is not as costly as misclassifying a riparian 

mixed-scrub pixel as creosote-mixed scrub(B). The overall cost of such a commimity 

classification at YPG would be calculated by: 

N 

[9] 
i=l 

where x is the number of misclassified samples in class i and y is the cost for 

misclassifying class / and N is the number of classes. An average cost per decision is then 

calculated by dividing the total cost by the number of samples. However, the weighing of 

misclassified samples can be subjective and thus obscure the true performance of a 

classifier. While cost (and risk analysis which also assigns nimibers to correct 

classifications) may be helpful in determining how the classifier performs for certain 

classes, it leaves too much uncertainty for an area as large and as complex as YPG. 

Moreover, by adjusting cost or risk factors within the sample data and training a classifier 

until an acceptable error is achieved, the classifier could become overfltted to the data so 

that the actual error in classification of new samples might be considerably higher 

because the classifier can not adequately respond to the complexity of the remaining data. 

What is needed, therefore, is a way to have the apparent error (that produced by the 

training the classifier on the sample data) approach the true error. 
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Classification Error Rate: Random Sampling 

How well a classifier performs can be gauged through several different measures. 

Accuracy assessment is then done by comparing the test cases to the classification. 

It is important to use random samples for error estimation rather than representative 

samples, which can bias the classifier (Weiss and Kulikowski, 1991). Random samples 

are necessary since randomness is essentially for empirical techniques of error estimation. 

Random samples should be independent, having no relationship between each other save 

that they are from the same population. After the random samples are drawn from some 

population for the analysis, they are divided into two groups, one for training the 

classifier and one for testing it. According to Weiss and Kulikowski (1991) the number of 

test cases needed for the test sample error rate to be essentially the true error rate is 

surprisingly small. Based upon basic probability and statistical considerations, with a 

sample size of 100, a test sample error rate of 10 % will correspond to a true error rate of 

about 17%. When the test sample size reaches 1000, both the test sample error rate and 

the true error rate are very close and when the test sample size reaches 5000, the test 

sample error and the true error are virtually identical. With a large number of samples, a 

traditional method such as the holdout or H method where samples have been divided 

into a 2/3 training and 1/3 testing split produces good results. Unfortunately, in most 

investigations it is unlikely that a large nimiber of samples will be available. Therefore, 

with a limited amount of samples it is necessary to come up with other schemes to divide 
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the samples into training cases and into testing cases. Such methods are known as 

resampling methods. 

Three resampling methods to partition the sample data are random subsampling, cross-

validation and bootstrapping. Random subsampling involves randomly dividing the 

sample into training and testing groups many times, each time training and testing the 

classifier. At the end of all the runs, all the individual errors are averaged. This produces 

better error estimates than a single train-and-test sample partition, which might be 

uncharacteristic of the data. Cross-validation involves randomly partitioning the data into 

k mutually exclusive test partitions of approximately equal size. Each of the partitions 

(i.e., the samples within) is used, in turn, as a test area while the remaining k-1 partitions 

are used for training. Error rates for each of the classifications are calculated, and 

subsequently averaged. A special case of cross-validation is known as leaving-one-out. 

Here, as before, for a sample size n a classifier is trained using («-l) cases and tested on 

the single remaining case. This is repeated n times, each time testing the classifier by 

leaving-one-out. Since leaving-one-out is computationally expensive, it is best used with 

smaller samples, and other k-fold (e.g., 10-fold) approaches left to larger samples. 

The leaving-one-out sampling method while being an imbiased true-error rate estimator, 

has high variance for small samples. One resampling technique for small samples that has 

low variance is known as the eO bootstrap. The eO bootstrap resampling technique simply 

involves randomly making a copy of a sample from the entire data set and placing the 
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copy in an empty training set. This procedure is carried out until the number of samples 

in the training set equals the number of samples in the original data set. The test set is 

then constructed using those samples in the entire data set which are not found in the 

training set. The error rate on the test group is known as the eO estimator. Statistically, the 

percentage of non-repeated samples within the training group is 63.2 % or .632. 

As mentioned, the number of test cases determines the relative accuracy of the error rate 

estimate. According to Weiss and Kulikowski (1991) where n is extremely large (5000 or 

more), the error rate on the test cases is effectively the true error rate. A common 

statistical measure used to compare the accuracy of an error rate estimator is the standard 

deviation or standard error which is calculated as: 

SE = sqrt (E (1 -E)/n) [ 10] 

where E is the error rate on n randomly drawn independent test cases. The standard error 

is approximately equal to the average error for any error rate estimate for size n test cases. 

According to Scholtz et al., (1979), the major variable affecting correct classification 

accuracy is the training method, not the classifier. Even if one of the methods of training 

above can give a good estimate of the accuracy of a given classifier, however, the 

question of how the mmiber of training samples for a given application affects the 
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classification accuracy still remained unanswered. For the maximum likelihood classifier, 

for example, the removal of samples for testing may leave insufficient samples for 

building class statistics. 

The Error Matrix and Kappa Coefficient 

The most common way to express the accuracy of images and maps derived from 

remotely sensed data is by a statement of the percentage of the map area that has been 

correctly classified when compared with reference data or "ground truth" (Story and 

Congalton, 1986). One common way to evaluate this accuracy is through the use of an 

error matrix (confusion matrix/contingency table). Usually, sample data that is 

representative of the data as a whole is input into an error matrix (e.g. the test data 

discussed above). 

Another way to measure the overall and per-category accuracy is with the kappa 

coefficient of agreement (Congalton and Mead, 1983). The formula to calculate the 

overall kappa coefficient is: 

S xii -S (x,v)(x+/) 
i=l i=l 

r 
- S (x/, )( x+,) 

i=l [11] 
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where r is the number of rows in the error matrix 
X// is the number sum of the diagonal elements 
x,v is the total number of elements in row i 
x+i is the total number of elements in column i 

Kappa ranges from 0 to 1, where 0 represents total chance agreement of the classified 

category with the true category, whereas 1 represents a "true" agreement. Similarly, 

kappa coefficients can be calculated for individual categories. However, the above 

measures may not truly represent the actual accuracy because of biases that occur when a 

classification estimate is either conservative or optimistic (Verbyla and Hammond, 1995; 

Hammond and Verbyla, 1996). Verbyla and Hammond list three sources of conservative 

bias: errors in collecting or processing reference data, errors resulting from rectification 

so that some pixels will have better positional accuracy than others, and errors due to the 

minimum mapping unit (MMU). In the MMU case errors can happen when aerial 

photographs are used as reference data. Here, the MMU used in interpreting the air photo 

can be larger than that of the pixel size (e.g., a 1 hectare air photo MMU is equal to a 0.09 

hectare MMU for a 30-meter pixel) so that small clusters of pixels may not included in 

the assessment which can lead to conservative results. 

Three sources of optimistic bias are: using training data for accuracy assessment, 

sampling of reference data not independent of training data sample, and sampling from 

homogeneous groups of pixels. When training data is used as reference, it is usually from 
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homogeneous areas that are easier to classify than more heterogeneous areas that may 

make up the image. If this training data is also used to build a statistical model, estimates 

of classification accuracy are likely to optimistically biased because the same data is used 

for model development and model validation. In addition, if reference data and training 

data are chosen at the same time, they are likely to be similar to the training areas. This 

may cause the reference data to be more spectrally pure (similar to training data) and thus 

easier to classify, leading to possible errors as mentioned above. Finally, reference data 

sampling should not be from the center of large homogeneous blocks of pixels. This is 

related to the view that harder to classify heterogeneous areas are excluded from use as 

reference data, as mentioned above. 
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Methodology 

4.4 Construction of the Image Database 

TM Mosaicing and Atmospheric correction 

Landsat TM data from June 13, 1993 available through the Arizona Remote Sensing 

Center (ARSC) were used in the analysis. The date of this imagery was important, as 

1993 was a year in which LCTA sampling was carried out. June imagery is appropriate as 

it should be free from the influence of spring and summer annuals and it is expected that 

the relative amount of perennial species as mapped in the spring has not changed. On the 

other hand, a degradation in the ability of a classifier to extract the vegetation signal from 

the Landsat TM data should also be expected as the leaves of many of the perennial 

species will have shrunk or even fallen off by June. 

Two Landsat scenes were necessary to adequately cover the extent of YPG. Landsat path 

038 row 036 and path 038 row 37 were used. The two images were mosaiced in ERDAS 

Imagine and inspected for potential differences due to atmospheric or other influences. 

Inspection of the image histograms and image appearance did not detect any noticeable 

irregularities resulting from the mosaicing. 

Atmospheric correction was then carried out using the cosine technique (COST) model 

develop)ed by Chavez (1996). The COST method uses the cosine of the solar zenith angle 

to approximate atmospheric transmission. To apply the COST model, the pixel values in 
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each band of the TM image were first converted to at-satellite radiance using this 

equation from Markham and Barker (1986): 

Ls«(n) = (n) + [L„„(n) - L„^(n)] * QCAL/255 [12] 

where is the at-satellite spectral radiance for the given non-thermal TM spectral band 

n (mW cm ' ster' mm '), QCAL is the calibrated and quantized scaled radiance in units 

of DN (digital numbers) for the given pixel (the raw pixel value), and L„io and are the 

lower and upper limits of the post-calibration dynamic range for a specific band (i.e. L„i„ 

is the spectral radiance at QCAL = 0 and is the spectral radiance at QCAL = 255). 

Both L^„ and L„i„ values for each TM spectral band were supplied by Markham and 

Barker (1986). The L,,, values were then transformed into surface reflectances by 

correcting for both solar and atmospheric effects using this equation from Moran et al 

(1992) and Chavez (1996): 

REF = (7t • L„, - L^/ (TAUv • (Eo » Cos (Tz) » TAUz + E^^ [13] 

where REF is the spectral reflectance at the surface, L,.^ is the upwelling atmospheric 

spectral radiance, TAUv is the atmospheric transmittance along the path from the ground 

surface to the sensor, Eo is the solar spectral irradiance on a surface perpendicular to the 

sun's rays outside the atmosphere (ESUN/d^, where d is the Earth-sun distance and 
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ESUN is the band-specific mean solar exoatmospheric irradiance), Tz is the solar zenith 

angle, TAUz is the atmospheric transmittance along the path from the sun to the Earth's 

surface, and E,]^^ is the downwelling spectral irradiance at the surface due to scattered 

solar flux in the atmosphere. From Moran (1992) is calculated using dark-object 

subtraction (minimum DN value for each band): 

Lh^(n) = min(n) - [((0.01* ESUN(n) » Cos(Tz))/ n * d'] [14] 

In the COST method, TAUv is calculated as the cos (thetav), in which thetav is the 

viewing angle of the sensor, 0° or nadir for TM, Eo (ESUN/ d^) is calculated using ESUN 

values from Markham and Barker (1986), and Edow 'S set to 0.0 (ignoring downwelling). 

These calculations were carried out separately for each band in ERDAS Imagine and then 

layer stacked into a single image. The image was then converted from a floating point 

image to an 8-bit image. As described in section 2.2 the Landsat TM imagery had been 

previously geocoded into a UTM zone 12 projection with an unknown RMSE. One way 

to assess the registration was through the overlay of GIS themes. This is discussed in the 

next section. 

GIS layers and Subsetting 

GIS vector and raster layers from YPG were obtained by the Advanced Resource 

Technology (ART) Laboratory in the School of Renewable Natural Resources (SRNR). 
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These layers were in GRASS format. In GRASS, each vector or raster coverage was 

converted to ASCII using the GRASS 4.0 programs V.OUT.ARC for the vector 

coverages and R.OUT.ASCII for the raster coverages. These ASCII files were then 

transformed into ARC/INFO coverages and GRIDS using the ARC/INFO GENERATE 

and ASCIIGRID commands respectively. Geocoding information was retained. Since 

YPG straddles two UTM zones (zones 11 and 12) it was decided that the GIS data should 

be projected into a single UTM zone. Since the TM imagery was already in a zone 12 

projection, the GIS vector and raster layers were also projected into a zone 12 projection. 

These coverages and GRIDS were layers representing infrastructure such as roads, 

runways, dams, and canals; as well as washes, proving ground boundaries, a soil layer 

and geology for the northwest portion of YPG. Almost all of the vector layers were 

duplicated in raster format. Of the following layers that were extracted for the vegetation 

mapping study, only the geology, elevation, and soil layers were also kept in GRID 

format (note that elevation was in raster format only): 

1. soils 
2. geology 
3. highways 
4. improved roads 
5. unimproved roads 
6. major washes 
7. minor washes 
8. YPG boundary 
9. Elevation 

The vector layers were useful for assessing the quality of the Landsat TM gecoding and 

for later helping to identify field features in the imagery. Highway, improved and 
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unimproved roads, soil, and major and minor washes were overlain upon the TM 

imagery. Overall, the correspondence was good. 

The next step was to subset the imagery into an area that was slightly larger than the 

boundaries of YPG. Later in the analysis the imagery were again subsetted enclose the 

western portion of YPG only (Figure 1.1). The decision to subset the study area also 

removed the extraneous area of the Kofa National Wildlife Refuge. This substantially 

reduced processing time and storage space, while only sacrificing 38 of the 198 non-

special use LCTA plots. An additional area of YPG below Highway 8 was also 

eliminated during subsetting for the same reasons. 

Elevation, slope and aspect images 

Topographic image layers were added to the image database by processing the elevation 

grid. Using the ARC/INFO GRID command GRIDIMAGE, the elevation GRID was 

exported into an ERDAS Imagine *.img file. The *.img file was then imported into the 

Research Systems Inc.'s Environment for Visualizing Images (ENVI). Using ENVI, 

slope, aspect and shaded relief images were generated. The relief image was generated 

using the same sun angle parameters as the June 13, 1993 TM image. Although the 

elevation images were already geocoded, an additional registration was necessary in order 

to stack the images into a single file for use in ENVI and to eliminate as many differences 

inherent in the two separate registrations as possible. This registration was carried out by 
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registering the shaded relief image to the TM image. A first degree polynomial 

transformation was used with a RMSE of less than half a pixel. 

ERS-1 Image Processing 

ERS-1 C band SAR imagery were also obtained for the study area. The swath width of 

the Active Microwave Instrument (AMI) is 100 x 100 km, which is approximately the 

same dimensions as YPG. Because of the swath location, it was necessary to obtain two 

scenes to cover the entire YPG extent. April 3 and April 19, 1993 images were acquired 

to coincide with the timing of the 1993 LCTA data collection and the approximate time-

period of spring green-up; and Jime 12 and June 28, 1993 imagery to coincide as close as 

possible with the date of the TM imagery. The April 3 and June 12 scenes occupied the 

same latitude and longitude positions as did the April 19 and Jime 28 scenes. When the 

study area was subset as described above, only two of the four images were required: the 

April 3 image and the June 12 image. 

Prior to geocoding, a niunber of speckle reduction filters were applied to the SAR images. 

Both 3x3- and 5x5-sized Kuan, Lee, Local Sigma, Frost, and median filters (ENVI, 1998) 

were used. Of all the filter iterations, it was decided through visual interpretation that the 

5x5 Kuan filter provided the best good balance between speckle reduction and edge 

preservation. Other studies in which this same filter was preferred filter for use with ERS-

1 imagery include Michelson et al. (2000) and Smara et al. (1998). Though this filter 
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produced a good visual result in the present study, it was found that the standard 

deviations of the LCTA classes (both within each plot and between plots of the same 

class) were very high. These high standard deviations were attributed to the amount of 

speckle that still remained. While this amount of speckle would be no problem for visual 

interpretation, it was decided that it could negatively affect classification. Therefore, a 

5x5 mean occurrence filer (texture filter) was also applied to the image. This substantially 

reduced the speckle of the images as well as the large standard deviations in the training 

area statistics, while still preserving major edge features. This filter produced a floating 

point image which was subsequently converted to 8-bit integer format. 

Since the April 3 and June 12 scenes covered identical areas, it was only necessary to 

register one of these images to the Landsat TM and elevation images and then apply this 

registration to the other. YPG has significant mountain cover which causes pronounced 

layover and foreshortening in the SAR images. Furthermore, the mountain cover is spread 

unevenly over a large area (about 40km x 100km for WYPG). Without terrain correction 

of the radar data, rectification and classification are adversely affected. Fortunately, most 

of the plots were not located in the mountains so that classification without terrain 

correction was deemed acceptable. All of the ground control points (GCPs) were 

collected in the flatter plains, washes, and bajadas where layover and foreshortening 

effects were minimal. Without terrain correction, it was possible to obtain a RMSE of 0.5 

pixels; however, the quality of this registration was poor. Registration visibly improved 
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when more GCPs were used, although this produced a higher overall RMSE. Registration 

results were assessed not only by overlaying the SAR and Landsat TM images in a 3-

band display, but also by linking the rectified SAR in one image window with the TM 

image in another image window. In ENVI, once two windows are linked, one can directly 

observe the registration by clicking in one of the image windows and seeing the same 

area in the other window. It was found that while more GCPs improves the registration of 

all the areas where these GCPs are located, registration in areas where GCPs are not 

located (i.e. mountainous areas) degrades, especially when higher order polynomial 

transformations are used. However, it was found that both a lower RMSE and a better 

visual registration could be obtained by carrying out registration in two stages. In the first 

stage, a large number of GCPs (183) were used in a first-order (affine) polynomial 

transformation. The RMSE was approximately 18 pixels. However, the warped SAR 

image was oriented closely to that of the TM overall with a good visual registration and 

minimal warping effects. A new set of GCPs was then collected. After varying the order 

of the transformation and the number of GCPs used in the transformation, it was foimd 

that a 4th order polynomial transformation using 83 GCPs produced the best registration. 

The RMSE was less than 3 pixels. Note that this image appeared to be the best 

compromise between a good visual registration and a low RMSE. Table 4.1 shows the 

subjective assessment of different registrations using different transformations zmd 

different numbers of GCPs. Only 3rd and 4th degree polynomials are shown, as lower 

order polynomials seemed to visually produce poorer results. 
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Creation of Vegetation and Desert Pavement Training Areas 

Coordinates for tlie location of the LCTA core plots were obtained from YPG in excel 

format. LCTA data collection crews recorded each position using a Trimble Geoexplorer 

GPS. Subsequent differential correction at Geodetic Control at YPG rendered the 

coordinates into Universal Transverse Mercator (UTM) format with an accuracy of 2-5 

meters (R Hernandez, 1999 personal communication). The UTM coordinates were saved 

as a comma delimited text file and then transformed to an ARC/INFO point file using the 

GENERATE command. A line coverage was next created to represent the 100 m 

transects using ESRI's Coordinate Geography (COGO) program. The direction of line 

segments were established using the plot azimuth directions recorded in the field for each 

transect. 

An overlay of the transects on the TM imagery showed that a significant number of the 

transects were located where sharp transitions in image texture occur. These sharp 

contrasts in surficial expression may correspond to changes in vegetation commimities. 

Therefore, a decision to use a smaller rather than a larger training area was made. With 

smaller training areas it was expected that the sampling of vegetation not representative 

of the LCTA plot itself would be reduced and that the training area itself would be 

relatively homogeneous. To create polygons around the line transect for use as training 

areas the ARC/INFO command BUFFER was used. Experiments with different sized 

buffers were carried out. The final buffer sized used was a 9-m buffer on each side of the 
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transect. Note that this is less than the pixel resolution of Landsat TM, so that generally 

only pixels coming into contact with the transect would be sampled. 

Table 4.1 Assessments of Registration Errors between ERS-I SAR and Landsat TM. 

#of 
GCPS 

NW 
WYPG 

NE 
WYPG 

Yuma 
Wash 
(YW) 
area 

South 
ofYW 

Laguna 
Area 

SE 
WYPG 

East-
Central 
WYPG 

r'iteration 
4'" <lrinse 51 Good to 

excellent 

Good to 

excellent 

Fair to good Fair Fair- Fair Good to 

very good 

4"* <2rinse 75 V good to 

excellent 

Good to 

excellent 

Good Very good Pair Fair good 

4'" <3rmse 95 V good to 

excellent 

V good to 

excellent 

Fair to good Good to 

very good 

Good + Fair good 

4<h <4|-nise 120 Excellent V good to 

excellent 

Fair-Good Good to 

very good 

Good + Fair to 

Good 

Good + 

4'" <5rmse 140 Excellent V good to 

excellent 

Fair^jood Good Fair-good Fair to 

Good 

Good to 

very good 

4"" all GCPs Good to 

very good 

Good to 

very good 
good- Good + Good Good — Very 

good . 

2°" iteration 
4"* <lrmse 53 V good to 

excellent 

V good to 

excellent 

Fair-Good Fair -good VGood + Fair to 

Good 
Good 

4"' <2rmsc 88 V good to 

excellent 

V good to 

excellent 

Fair-Good Fair-Good Good to 

very good 
Fair to 

Good 
Good -

very good 

4"" <3rinse 83 V good to 

excellent 

V good to 

excellent -

Fair-Good Good - Good to 

very good 
Fair-good Good -

very good 
4<b 

<3.5rmse 
Similar to 

above(88 

GCPs vs 

83) 

Fair-good 

4"" <4.6rmse Similar to 

above (90 

GCPs) 

Fair-good 

3"* <Irmse 45 V good to 

excellent 

V good to 

excellent 

Fair-Good Fair- Very good Good -

very good 
Good -

very good 

3"* <2rmse 59 Very good 

to 

excellent 

Very good 
+ 

Fair-Good Fair— Good + -

very good 
Good -

very good 
Good -

very good 

3"* <3rmse 75 Very good 

10 

excellent 

Very good 
+ 

Fair-Good Fair- Good + -

very good 

Fair-good Good -

very good 

3"* <4rmse 86 Veiy good 

to 

excellent 

Very good 
+ to 

excellent 

Fair-Good Fair- Good + -

very good 
Fair-good Good -

very good 

3"* <4.6rmse 89 GCPs. 

only 3 

more than 

sub4 rmse 



The polygon training areas were written into ARC/INFO export format and then imported 

directly into ENVI as ENVI vector files and loaded as overlays upon the opened image 

database. From ENVI vector format, each polygon was transformed into an ENVI region 

of interest (ROI), which is analagous to the area of interest (AOI) in ERDAS Imagine. 

Because of the orientation of the transects and the small buffer size, some of the buffer 

files did not translate into enclosed polygons. In these cases the polygons were completed 

using ENVI's ROI tools. The ROIs were then grouped by vegetation class and then 

merged to create a single ROI per vegetation class for use in maximum likelihood 

classification. Specifically, the ROIs were grouped and saved according to relative 

density and relative cover schemes. 

In the extreme northwest and west of the WYPG image two other prominent cover types 

occur: water and agriculture. Both of these classes were NOT included as they are not 

present within the boundaries of YPG and are of no importance to this study. One non-

vegetation class that was added is desert pavement, which forms barren patches that cover 

approximately 23% of YPG. Furthermore, after sezisonal rains, rapid growth of annual 

species on pavement areas can produce carpets of vegetation. Mapping areas of desert 

pavement was therefore deemed important. Based upon known locations of pavement 

areas in the field and identifying their locations on TM imagery, training areas (ROIs) 

were drawn on the imagery itself. Care was taken to make these training areas as 

homogeneous as possible, as pavement areas can be dissected by vegetated runnels. 
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In ERDAS Imagine, AOI signature files were created for each vegetation class. In one 

window the image database is opened. In another window, the ARC/INFO transect buffer 

coverages are opened one at a time and successively copied and loaded into the image 

database window. Here, each vector is copied and saved as an AOI. As an AOI, 

signatures (corresponding to image statistics) for each plot can be created, saved and 

merged to create individual relative cover and relative density signatures. 

The number of plots in YPG totaled 198 not including the five special plots which were 

not used. After subsetting, the total number of plots in WYPG equaled 161. In the LCTA 

AERCOVER table, however, only 143 of these plots had perennial species cover. Initial 

relative cover classifications were carried out using 143 plots while initial relative density 

classifications were carried out using 161 plots. 

4.5 Image Classification 

Maximum Likelihood Classification and Plot Pruning 

Maximum likelihood classification was carried out in ENVI using the relative cover and 

relative density schemes (see section 3.8, Figures 3.16 and 3.17). For each of these runs, 

the initial 12 relative cover and 12 relative density classes plus the desert pavement class 

were used as training data for the classifier. Initial classification runs used 143 plots for 

the relative cover classification and 161 plots for the relative density data. Classification 

was carried out using various combinations of the 6 non-thermal TM bands, the two ERS 
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1 images, and elevation, slope, and aspect images. After inspecting these initial 

classifications the training area of each plot was re-inspected to further evaluate its 

consistency. Plots that met any one of the following criteria were removed from the 

analysis: 

1. More than one-half of the training area was shadowed. 

2. More than one-half of the training area crossed over onto another distinct 
landscape feature (e.g. from a sandy wash to a patch of desert pavement). 

3. The training area covered a markedly heterogeneous surface in contrast to 
class plots of similar vegetative composition. 

4. The landscape and soil characteristics as recorded in the LCTA database were 
grossly incongruent with the same characteristics as interpreted from the 
image and the GIS soil layer. For example, if in the LCTA database a certain 
plot was listed as being soil type 4 and a bajada, yet on the image was clearly 
in a wash that was indicated as soil type 1 in the vector layer, then that plot 
was eliminated. 

Plot evaluations were based upon a TM 7, 5, 4 RGB composite. This combination of 

bands was found to provide the best separation of surficial materials. After this procedure 

103 relative cover plots and 116 relative density plots remained . Relative cover and 

relative density classifications were then performed using the reduced-plot database. The 

relative cover classification map produced using all layers was compared before and after 

plot reduction. The relative density classifications were similarly compared. These 

comparisons were done to evaluate the effect of improving the relative homogeneity of 

the training samples, which is expected to improve classification accuracy, while 

reducing the amount of training samples. The reduction of training samples might be 
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expected to detract from the quality of the classification the class statistics necessary for 

maximum likelihood classification are affected. 

After these classifications were inspected, plots were evaluated with respect to the radar 

imagery. Additional plots were then reduced according to the following criteria: 

1. The training area resided largely in radar shadow. 

2. The training area was located on an area of high backscatter caused by 
foreshortening. 

3. The training area was located on an area of the S AR imagery that had 
significant misregistration with the TM imagery. 

After this final pruning, 83 plots for the relative cover classification remained. To be able 

to compare classifications, the same 83 plots were used in both relative cover and relative 

density classification schemes. Classifications were first carried out using all 12 relative 

cover classes plus desert pavement and all 12 relative density classes plus pavement. 

Again, various combinations of data layers were used in classification (Tables 4.2 and 

4.3). 

In each case discussed so far, all of the available samples were used to tentatively train 

the classifier. Subsequently, using all classes, each cluster was randomly divided into a 

70%/30% split - 70% of the plot ROIs (83 plots * 70% = 58) in the class used for training 



Table 4.2 - Relative cover maximum likelihood classirication results. All classiflcations were carried out with an 83-pIot dataset. The top number in 
each cell is the overall classiflcation accuracy. The bottom number is the Kappa coefficient of agreement. In all cases, classification of all data layers 
yielded the greatest classification accuracy. In all eases, TM plus elevation, slope, and aspect and TM plus SAR produced greater classiflcation 
accuracies than a TM only classiflcation. Classiflcation accuracies using the vegetation at one height plus bare rock and soil coverage classes produced 
results as good as or better than the vegetation at three height classes. However, the vegetation composition of the three height class data was easier to 
interpret (see Appendices II and III). Note that Elev refers to elevation, slope, and aspect layers. 

n Classirication Data TM TM+Eiev TM+Elev+SAR TM+SAR SAR SAR+Elev Elev 

1 12 classes+pavement 
vegetation @ 3 heights 
Train and test using 83 plots 

56.12% 
0.5234 

81.86% 
0.8044 

88.21% 
0.873 

74.6% 
0.726 

25.06% 
0.192 

52.15% 
0.4825 

25.17% 
0.1937 

2a 4 classes (merged)+pavement 
vegetation @ 3 heights 
train and test using 83 plots 

59.12% 
0.5154 

71.32% 
0.6607 

76.19% 
0.7203 

69.16% 
0.6384 

38.77% 
0.3146 

56.80% 
0.4992 

38.095% 
0.3073 

2b 4 classes (merged)+pavement 
Vegetation @ 3 heights 

Train using 70% of plots 
Test using same 70% of plots 

66.41% 
0.6076 

78.85% 
0.7545 

82.74% 
0.798 

77.95% 
0.7427 

37.79% 
0.3093 

59.72% 
0.5339 

38.258% 
0.3041 

2c 4 classes (merged)+pavement 
Vegetation @ 3 heights-

Train using 30% of plots 
Test using same 30% of plots 

85.23% 
0.8277 

90.91% 
0.8948 

93.18% 
0.9210 

89.77% 
0.8812 

56.44% 
0.4915 

73.86% 
0.6946 

45.08% 
0.3546 

2d 4 classes (mcrged)-t-pavement 
Vegetation @ 3 heights 

Train using 70% of plots 
Test using 30% of plots 

37.55% 
0.2680 

54.55% 
0.4712 

62.12% 
0.559 

44.69% 
0.3512 

44.32% 
0.3445 

60.23% 
0.5385 

43.56% 
0.3492 

3a 11 classes+pavement 
cover includes vegetation @ I 
height+ bare soil and rock cover 
train and test using 83 plots 

59.29% 
0.5563 

75% 
0.7269 

85.15% 
0.84 

75.51% 
0.7341 

25.85% 
0.1891 

49.43% 
0.4519 

25.62% 
0.2141 

3b 3 classes (merged)^ pavement 
cover includes vegetation @ I 
height+ bare soil and rock cover 
train and test using 83 plots 

67.01% 
0.555 

73.02% 
0.6370 

76.42% 
0.68 

74.94% 
0.664 

43.99% 
0.215 

51.25% 
0.3484 

43.65% 
0.2507 



Table 4.3 - Relative density maximum likelihood classification results. Ail classifications were carried out with an 83-plot dataset. The top number 
in each cell is the overall classification accuracy. The bottom number in each cell is the Kappa coefficient of agreement. In all cases, classification of all 
data layers yielded the greatest classification accuracy. In most cases, TM plus elevation, slope, and aspect and TM plus SAR produced greater 
classification accuracies than a TM only classification. 

# Classiflcation Data TM 
only 

TM+elev, 
slope, Aspect 

TM+elev, slope, 
aspect, SAR 

TM+SAR SAR SAR+elev, 
slope, 
aspect 

Elev, slope, 
aspect 

1 12 classes+pavement 
Vegetation @ 3 heights 
Train and test using 83 plots 

60.65% 
0.574 

83.33% 
0.8201 

88.89% 
0.88 

75.39% 
0.7343 

28.46% 
0.2301 

58.73% 
0.5562 

39.34% 
0.3440 

2a S classes+pavement 
Vegetation @ 3 heights 
Train and test using 83 plots 

63.83% 
0.5664 

78.46% 
0.7452 

81.29% 
0.7773 

71.54% 
0.6611 

38.66% 
0.3130 

58.16% 
0.5225 

41.49% 
0.3465 

2b S classes+pavement 
Vegetation @ 3 heights 

Train using 70% of plots 
Test using same 70% of 
plots 

75.39% 
0.7047 

87.69% 
0.85424 

90.58% 
0.8867 

81.79% 
0.7815 

43.93% 
0.3593 

67.25% 
0.6208 

50.16% 
0.4437 

2c S classes+pavement 
Vegetation @ 3 heights 

Train using 30% of plots 
Test using same 30% of 
plots 

no data no data 98.22% 
0.9790 

no data no data no data no data 

2d S classes+pavement 
Vegetation @ 3 heights 

Train using 70% of plots 
Test using 30% of plots 

47.69% 
0.3906 

51.96% 
0.4331 

54.09% 
0.4532 

45.91% 
0.3687 

27.76% 
0.2150 

32.03% 
0.2281 

30.25% 
0.2329 
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the classifier and 30% of the plot ROIs (83 plots • 30% = 25) used for testing. Initially 

the plots are ordered on a class-by-class basis in a Microsoft Excel worksheet. Using a 

random number generator in Microsoft Excel, a random number between I and 83 was 

generated. Plot numbers and random numbers were then sorted on the basis of the 

random numbers, thereby shuffling the plots in a random order. The first 70% of these 

numbers were then used for training and the rest for testing. For example, with 10 

samples, the first 7 would be used for training and the remaining 3 for testing. Two other 

methods of accuracy assessments that were explored were 10-fold testing and leaving-

one-out. Classifications using these techniques were performed using all data layers as 

input. Both 10-fold testing and leaving-one-out were performed on the relative cover 

classification with the original 12 classes, not including desert pavement. In the 10-fold 

testing classification, all plots were randomized as in the 70/30 testing. However, only 

plots after the first pruning (103) were used. Every tenth number marked a partition of the 

data. Training and testing, as described in 4.3, was then carried out with plots within the 

train and test partitions being grouped by cluster. This procedure was not performed on 

other classifications because it is very labor-intensive. Leaving-one-out was carried out 

using the 83 plot dataset. Each time a single plot was excluded from the training set and 

tested on. Again, because it is a very labor-intensive procedure with high variance for 

small samples (Weiss and Kulikowski, 1991), the leaving-one-out was not applied to 

other classifications. 
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Class Merging 

Two factors led to the merging of classes for use in further classification, one related to 

the number of plots per class and one to ecological groupings. The first factor refers to 

the amount of samples for classifier training and testing. Each of the techniques in the 

above section reduced the number of ROIs in each class to a level that was believed to be 

somewhat inadequate to generate sufficient statistics to train the classifier. One way to 

increase the number of samples per class was to merge classes. The other factor concerns 

the vegetational similarity of classes and if merging would create classes that are 

adequate to describe the vegetation at YPG. One way to assess if merged classes were 

sufficient for this task is to classify them and compare classification accuracy to the pre-

merging classes. 

Class merging was based upon the vegetation similarity between the clusters that were 

derived from clustering of the LCTA data as seen in Appendices II and III and how close 

these clusters are in ordination space. Referring to Appendix II and Figures 3.6-3.8, the 

creosote-dominated relative cover clusters "a", "b", "c", and "d" (relative cover classes 1 

and 2) were initially merged, with clusters "F" and "K" (classes 4 and 9) being added 

subsequently. Clusters dominated by white bursage that were merged include "L", "M", 

and "N" (classes 10, 11, and 12). Clusters with riparian affinities, "G" "H", and "i" 

(classes S, 6, and 7), characteristic of foothills palo verde, ironwood, and general mixed 

scrub (riparian) respectively, were also clustered. Cluster'T' (class 8), dominated by 
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brittlebush, was left as a separate class. Although cluster "e" (class 3) is characterized by 

both creosote and white bursage, a decision was made to add cluster "e" to the creosote-

dominated cluster, as creosote comprises a larger share of the percentage cover. The 

70/30 train and test technique was then applied to these classes. The eO bootstrap 

technique was also applied to a merged relative cover classification using the 83 plots. 

Poor results, probably a still factor of the number of plots prevented the application of 

this technique to other classifications. 

The merging of relative density clusters was a little more difficult. As seen in Appendix 

III, the species which dominate each cluster are not as readily apparent as they are in the 

relative cover classification in Appendix II. It was decided, however, that clusters "a", 

"b", and "c" (relative density classes 1, 2, and 3) would be merged based upon brittlebush 

content; that clusters "D", "E", and "F" (classes 4, 5, and 6) would be merged based upon 

white bursage content; and that clusters "g", "g2", "J" (classes 7, 8, and 11) would be 

merged based upon similar creosote dominance. Clusters "h" and "K" (classes 9 and 12) 

were merged based upon the sole dominance of creosote. The single cluster class 

representing a mixed-scrub commimity, cluster "i" (class 10), was not merged with any 

other cluster. 

Maximum likelihood classification of the relative cover and relative density 

classifications, before and after the initial plot reduction, was also performed using 



ERDAS Imagine. Results were very similar so that further classification was carried out 

using ENVI alone. As a note, ENVI offers the options to output ENVl files into Imagine 

format. However, it was found that none of these files produced by ENVI (version 3.0) 

could actually be read by Imagine. Fortunately, PCI Inc's EASI/PACE image analysis 

system reads ENVI format files. Using EASI/PACE, then, the image database was read 

into PCI and subsequently converted into an Erdas *.LAN format. Imagine was able to 

process this format. 

Neural Network Classification 

Neural net classification was carried out in a Unix environment using Neural Ware Inc.'s 

Nworks sofhvare. NWorks requires two separate files - one to train the neural net and one 

to hold the entire dataset to be classified. In NWorks each of these files has a *.nna 

extension. In the training file, each row is a single training pattern divided into a set of 

given inputs and a corresponding desired output. In this file, the first 11 columns starting 

from left to right correspond to the neural net input PEs, which represent the input layers 

that are to be classified (6 Landsat TM bands, 2 ERS-1 SAR images, elevation, slope, and 

aspect). Each of these columns contains the mean DN value from one of the image layers 

extracted from the ROI for a particular plot. Note that in contrast to the maximum 

likelihood classifier, initial classifications were carried out with the addition of a soil 

layer. These experiments were carried out to investigate the ability of the neural net to 

handle GIS-derived raster thematic classes (in this case the soil layer) and to evaluate 
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whether or not the soil layer improved classification accuracy. For each training plot a 

number from 1 to 9 representing the most common soil type was recorded in the training 

file. There were no plots where there were two or more soils that were equally abimdant. 

Columns 12 to 24 of the training file contain a unique numeric class identifier 

corresponding to the relative cover or relative density class for that particular plot. This 

identifier represents a single node in the neural net output layer. With 12 relative cover 

classes plus pavement, there are 14 of these identifiers. The relative density file was set 

up similarly. Table 4.4 shows a section of the relative cover classification training 

file.Since Neuralware does not handle multilayer image data as inputs it was necessary to 

create a single ASCII data file containing an array of nimibers. Each column in the array 

would correspond to one individual image layer. To generate this array, each of the layers 

in the image file was first converted to grids in Erdas Imagine. Subsequently the grids 

were converted to ASCII in ARC/INFO by using the command GRIDASCII. I then 

wrote a C-i-+ program (adapted from Gimblett et al., 1994) which combined each of the 

individual ASCII files into a single file. Each column in this file, then, contains the data 

from one of the ASCII layers. These columns comprise the input PEs for the neural net 

classification. During classification the concatenated file is read into the neural net a 

single row at a time. 

Relative cover and relative density training files were set up as described above and used 

to train the neural net. During initial classification runs using the 13 relative cover classes 



Table 4.4 - A scction of a neural net training file used in NWORKS. The first 11 columns arc mean values from each of the data layers while columns 12 

to 24 are unique class identifiers for NWORKS. The final column contains the relative covcr class name, with the "I" .symbol indicated a comment in 

Nworks. The order of the layers from left to right is: Landsat TM 1, 2, 3, 4, 5, and 7; elevation, slope, and aspcct; April 3 ERS-1 SAR, June 12 ERS-I SAR. 

96.6 55.0 65.4 69.1 122.7 79.0 97.7 30.4 149.4 115.4 108.9 1000000000000  ! AMDU 
108.9 65.7 83.1 86.7 138.7 81.2 68.8 8.3 129.4 85.4 86.9 1000000000000  1 AMDU 
99.7 58.7 72.2 73.3 137.5 86.1 90.0 15.4 174.5 80.0 70.8 1000000000000  I AMDU 
124.6 81.2 98.2 100.6 164.4 98.8 88.0 63.4 95.4 77.4 81.6 1000000000000  ! AMDU-ms(A) 
104.0 61.4 67.4 66.2 116.4 72.2 112.2 22.4 202.6 155.2 179.0 0100000000000  1 AMDU-ms(A) 
122.6 78.9 93.1 94.2 166.3 97.5 141.0 4.5 110.5 30.8 24.2 0100000000000  ! AMDU-ms(A) 
92.4 50.9 57.0 57.3 81.0 52.0 164.7 17.1 39.9 84.4 63.1 0100000000000  I AMDU-ms(A) 
95.3 55.8 66.6 72.3 106.4 63.4 196.9 94.3 81.3 130.1 120.0 0100000000000  1 AMDU-ins(A) 
94.6 52.8 61.8 64.9 90.9 56.3 90.9 77.0 116.9 167.6 177.5 0  100000000000  I AMDU-ms(A) 
98.2 57.4 63.4 62.0 105.3 65.2 105.2 102.0 49.6 193.5 198.0 0  1  00000000000  1 AMDU-ms(A) 
120.7 76.4 88.9 90.7 160.7 96.0 145.0 5.8 104.7 43.2 40.9 00  1  0000000000  t AMDU-ins(D) 
122.6 77.9 91.5 92.5 165.0 98.1 142.0 3.9 98.5 45.5 30.9 0010000000000  1 AMDU-ms<B) 
122.1 77.3 90.2 91.7 158.1 92.2 134.0 6.9 90.2 29.9 41.1 0010000000000  I AMDU-ms(B) 
121.5 76.9 89.8 91.6 160.2 93.5 133.0 5.6 55.5 10.9 25.1 00  1  0000000000  1 AMDU-ms(B) 
104.4 61.5 70.1 69.3 116.6 70.6 131.5 10.1 188.3 148.4 124.9 0010000000000  1 AMDU-ms(B) 
98.9 57.8 64.4 66.6 112.2 68.4 155.0 29.6 35.3 127.0 145.3 0010000000000  1 AMDU-ms(B) 
107.3 63.5 76.0 79.0 127.5 80.3 113.0 54.3 47.5 83.3 62.8 0010000000000  I AMDU-ms(B) 
102.9 62.0 75.7 79.3 123.1 76.7 137.1 40.6 101.0 131.3 119.3 0010000000000  ! AMDU-ins(B) 
115.7 72.3 88.7 91.1 130.7 79.7 164.0 8.9 34.6 85.9 100.7 0010000000000  I AMDU-ins(B) 
84.1 44.0 48.4 54.8 94.8 54.6 128.5 215.7 58.1 39.5 67.7 0010000000000  ! AMDU-ms(B) 
99.3 58.2 65.7 65.1 112.6 72.0 81.6 19.3 56.9 160.1 158.5 0010000000000  I AMDU-ms(B) 
93.6 52.3 60.2 62.6 122.4 82.9 73.0 9.2 156.3 50.7 48.2 0010000000000  ! AMDU-ins(B) 
107.2 63.0 73.4 79.6 121.4 68.6 67.4 7.0 114.0 79.0 75,6 0010000000000  I AMDU-ms(B) 
99.8 57.5 63.8 63.3 116.3 70.1 153.9 66.0 133.3 85.4 94.1 0001000000000  !ENFA-ms 
96.3 54.5 60.8 62.2 106.8 67.2 120.2 156.2 130.3 148.2 170.5 0001000000000  IENFA-ms 
96.5 53.8 58.5 58.3 105.8 65.7 183.0 249.0 0.2 167.5 163.5 0001000000000  lENFA-ms 
99.5 58.8 70.3 76.0 133.3 83.8 124.3 46.3 211.0 88.5 94.3 0001000000000  !ENFA-ms 

97.9 58.6 72.9 79.8 134.1 83.6 I6S.I 91.4 77.9 169.1 171.8 0001000000000  IENFA-ms 

95.9 55.4 65.1 70.6 95.3 54.9 196.9 182.8 129.1 129,3 126.6 0001000000000  !ENFA-ms 
101.9 60.4 72,9 76.1 122.4 73.4 97.9 12.0 185.3 94,0 109.9 0001000000000  1 ENFA-ms 
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(12 vegetation classes plus desert pavement) and the 13 relative density classes (12 

classes plus pavement), the number of training samples in class was duplicated to about 

40 samples/class. It was necessary to duplicate samples so that each class would have 

roughly the same number of training samples and thus similar "weighting". The initial 

configuration of the neural net was a backpropagation network with the delta learning 

rule and sigmoid activation function. Inputs and outputs were scaled from 0-1. The 

number of hidden layers was varied to between one and three and the nimiber of hidden 

layer PEs was varied from one to thirty. The initial training configviration was set to 50, 

000 iterations with a convergence criterion of 0.01 root mean square error (RMSE). The 

RMSE here refers to the differences between the desired outputs and the actual outputs 

over all the output PEs. Both of these parameters were varied throughout training. Initial 

momentum and learning parameters were left at the defaults. For the momentum 

parameter this was 0.4. Both the hidden layer(s) and output layer have learning 

coefficients that can be adjusted. For the first hidden layer the coefficient this was 0.3, for 

a second hidden layer, 0.2, and for the output layer 0.15. 

With the number of training iterations up to 3, 000, 000 the best convergence RMSE that 

could be met was about 0.12. One hidden layer was found to be optimum, though the 

number of hidden nodes could be varied from 3 to 20 and give approximately the same 

results in training. This mirrors the results of Gong et al. (1996), Ardo et al. (1997), and 

Paola and Schowengerdt (1997) who have concluded that there was no significant 
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difference between networks with different numbers of hidden PEs or different numbers 

of hidden layers. 

The output from the NWorks classification is a *.nnr file. Each row of this file contains 

the output values of all the output PEs for one classified pixel. Thus, each row will 

contain N activation values, where N is the number of output PEs. In a hard classification 

the output pixel will be labeled with only a single class, conventionally the class with the 

highest activation. For this study, this was accomplished by writing a C++ program that 

applied this "winner takes all" rule. This program also formatted the *.nnr file into the 

same (row * column) dimensions of the original image. This new file was then converted 

into a grid file by adding appropriate header information and then using the ARC/INFO 

command ASCIIGRID to convert the file into a grid. Once in grid format, it was exported 

into Erdas Imagine format with the ARC/INFO command GRIDIMAGE. The Imagine 

file could then be read directly into ENVI for accuracy assessment. 

Unfortunately, this network gave poor results (see 4.7) and the configuration was changed 

to backpropagation, delta learning, hyperbolic transfer function (TanH) activation with 

input and outputs scaled from - I to +1. The TanH transfer function is similar to the 

sigmoid transefer flmction (s-shaped), but with outputs scaled from -1 to +1 (NeuralWare, 

Inc., 1991). This configuration significantly improved the results. 
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The artificial neural net classification described above is very labor-intensive and time-

consuming. Furthermore, the •.nnr output files for a 12 category classification requires in 

excess of 600 megabytes of computer storage. With these constraints it was not possible 

to be able to run as many classifications as were done with the maximum likelihood 

classifier. All classifications were performed using Landsat TM, ERS-1, and elevation, 

slope, and aspect layers only, except the relative cover 12 class plus desert pavement 

classification which was performed using the soil layer as well. Since the addition of the 

soil layer significantly reduced classification accuracy it was not added to subsequent 

classifications. In addition to the relative cover and relative density classification using 

the initial 12 vegetation classes, ANN classification was performed on the merged 

relative cover and relative density classes (Table 4.5). 

Mixture Modeling 

A mixture modeling approach was also applied to the dataset using relative cover and 

relative density reference endmembers. For the relative cover classification scheme, each 

of the 12 vegetation classes plus a desert pavement and a bright soil class were used as 

endmembers. The bright soil endmember was created by locating an area where exposed 

soil was known to occur on the Landsat TM image and then drawing a ROI around that 

area. The linear spectral uiunixing algorithm in ENVI then used the Landsat TM spectra 

for the endmember ROIs to unmix the Landsat TM imagery and create the 14 endmember 

images, the pixel intensity of the each image directly corresponding to the relative 
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"portion" of that endmember. In ENVl, a rule classifier was then applied to this set of 

member images (Table 4.6). The rule classifier simply produces a single classified image 

by assigning each pixel to the class (endmember) with the greatest intensity. This same 

procedure was then carried out using the 4 merged relative cover classes plus desert 

pavement and bright soil. The same was done for the original 12 relative density classes 

plus pavement and bright soil and the 5 merged relative density classes plus pavement 

and bright soil. 

One other unmixing approach was to use only "pure" relative cover plots containing 

either 100% relative cover or close to 100% relative cover of a single species. The species 

used were white bursage, creosote, brittlebush, foothills palo verde, and ironwood. After 

unmixing, the rule classifier was applied to these images as well. 
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Table 4.5 - Artificial Neural Net classification results. The initial classification using the soil layer and a 
sigmoid activation function resulted in poor accuracy in comparison to maximum likelihood classification 
(see Table 4.2). Removal of the soil layer and the use of a TaiH activation fimction significantly improved 
classification accuracy. Classification accuracies are less than those of maximum likelihood classification 
using the same datasets (Tables 4.2 and 4.3). 

Neural Net Classifier TM, elev, slope, aspect, SAR TM, elev, slope. 
Aspect, SAR, soil 

Relative Cover; 69.7279% 50.91% 
12 classes + pavement 0.6727 0.4635 
Relative Cover: 66.8934% -

4 classes + pavement 0.6183 
Relative Density 68.4807% -

12 classes + pavement 0.6612 
Relative Density 78.798% ••• -

5 classes + pavement 0.7497 

Table 4.6 - Rule classification applied to linear mixture modeling derived endmember images. Rule 
classification in ENVI assigns each classified pixel to the endmember with the highest value. These poor 
results show that there is significant within-class differences in vegetation composition. Only when the 
most homogeneous relative cover plots were used as endmembers did the accuracy increase. However, 
these plots were relatively few. 

Endmember Scheme Rule Classification: TM 
only 

Relative Cover; 
12 classes + pavement + bright soil as endmembers 

22.02% 
0.15 

Relative Cover; 
4 classes (merged) + pavement + bright soil as 
endmembers 

20.34% 
-0.12 

Relative Density; 
12 classes + pavement + bright soil as endmembers 

31.79% 
0.27 

Relative Density: 
5 classes + pavement + bright soil as endmembers 

24.38% 
0.15 

Relative Cover: 
5 species + pavement + bright soil as endmembers* 

46.49 
0.37 

* S species used as endmembers include palo verde at 68-76% relative cover, ironwood 
at 100% relative cover, brittlebush at 100% relative cover, white bursage at 100% relative 
cover and creosote at 100% relative cover. 
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4.6 Results 

4.61 Quantitative Results 

Maximum Likelihood 

Table 4.2 shows the results for maximum likelihood classification of the relative cover 

classes plus pavement and Table 4.3 shows the results for maximum likelihood 

classification relative density classes plus pavement. Figure 4.9 is the relative cover 

classified output using all data layers while Figure 4.10 is the relative density classified 

output using all data layers. No post-classification filtering or merging of classes was 

done. All classifications were done using the final set of 83 plots, except for the testing 

schemes that were randomly divided into a 2/3 training set and a 1/3 testing set. Note that 

except for the classifications that were divided into train and test partitions, overall 

percentage accuracy and kappa coefficient were calculated from error matrices comprised 

of the same plots that were used in training. Since the testing plots are the same as the 

training plots it is expected that the given accuracies are not the true accuracies of these 

classifications (optimistic classification bias). Indeed, a noticeable increase in error 

occurs when separate test cases were actually used. For example, in classification #2a 

(Table 4.2) the relative cover classification using four vegetation classes has an overall 

accuracy of 76.19%. When independent cases are used as in classification #2d, however, 

the overall accuracy drops to 62.12%. Unfortunately, classification #2d was performed 

using only 58 plots (70% of 83) which is a low number for an approximately 4000 km^-

sized area. This works out to approximately 1 sample for every 69 km^ in a terrain that 
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has many soil, rock, and vegetational transitions. Although it is difficult to say with 

certainty what the true accuracy of these classifications are, there is nonetheless a clear 

pattern of difference in classification accuracy resulting from varying the input imagery. 

This pattern, seen in Tables 4.2 and 4.3, shows that for all classifications, a combination 

of all data layers produces the best classification accuracy. For example, it is now 

commonly accepted in remote sensing studies that in most applications involving 

vegetation classification, the addition of elevation information to Landsat TM imagery 

improves the classification accuracy. This is reflected in this study's results: all 

classifications using TM plus elevation, slope, and aspect have higher accuracies than 

classifications using TM alone. It also appears that the addition of multi-temporal S AR to 

a TM and elevation classification fiirther improves the accuracy. This is true even when 

the samples were partitioned into a train and test set. In fact, in Tables 4.2 and 4.3 each 

classification scheme shows the pattern of elevation, slope, and aspect improving a TM 

only classification, and then the addition of multi-temporal SAR improving the TM plus 

elevation, slope, and aspect classification. Except for one classification scheme (Table 

4.3: classification #2d) the classification accuracy using SAR and Landsat TM was better 

than classification using Landsat TM alone. Michelson et al. (2000) also found that 

classification accuracy improved when multitemporal ERS-1 SAR was added to a TM 

classification for landcover classification in Sweden. However, it should be noted that the 

addition of elevation, slope, and aspect to a TM classification appears to improve 

classification accuracy as well as or better than the addition of multi-temporal SAR to a 
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TM classification. On the other hand, it is interesting to note that in the case of 

classification #2d (Table 4.2), in which testing was independent of training, the second 

best classification was accomplished using SAR plus elevation, slope, and aspect. In most 

other classifications, including the relative density classification using independent 

testing, classification accuracy using SAR plus elevation, slope, and aspect is generally 

only better than classifications using either SAR alone or elevation, slope, and aspect 

alone. 

The change in overall classification accuracy between the original and merged cluster 

classifications was also similar in the case of relative cover classification and relative 

density classification. In both relative cover and relative density classifications, overall 

accuracy actually decreased after class merging for TM and elevation, slope, and aspect; 

TM, elevation, slope, aspect, and SAR; and TM and radar. Classification accuracy 

increased for TM only; SAR only; SAR, elevation, slope, and aspect; and elevation, 

slope, and aspect (although classification accuracy before and after class merging was 

similar for the relative density classification using SAR, elevation, slope, and aspect). It is 

interesting to note that after class merging, overall classification accuracy increased by 

about 3% for both relative cover and relative density classifications using TM alone while 

using SAR alone relative cover accuracy increased 13% and relative density classification 

accuracy increased 10%. Most of this accuracy increase in the SAR is an effect of 

merging of PAMI-ms, OLTE-ms, and riparian-ms classes. In the original relative cover 
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classification, the accuracies of these classes were 60%, 45%, and 18% respectively. 

However, the accuracy of all three classes when merged together increased to 75%. In the 

relative density classifications, most of the accuracy increase was also in the riparian 

class: riparian-ms accuracy increased from 23% to 57%. However, the riparian class used 

in the original relative density classification was identical to the one used in the merged 

relative density classification. A closer look at the classification results shows that the 

omission error for the riparian class decreased from 77% to 43%, the difference of which 

is equal to the difference in class accuracy. In other words, after merging, more riparian 

areas were actually classified as riparian and not as other class 

Artificial Neural Network 

Table 4.5 shows the results for the ANN classification. As with maximum likelihood 

classification, the overall accuracy for the relative cover classification using all classes is 

similar to the overall accuracy for the relative density classification using all classes. 

However, the ANN results were significantly worse than the maximum likelihood results 

(69.7% overall ANN accuracy versus 88.2% overall maximum likelihood accuracy for 

the relative cover classification and 68.5% ANN accuracy versus 88.9% maximum 

likelihood accuracy for the relative density classification). Also of note is that in contrast 

to the maximum likelihood classification, overall accuracy did not notably decrease after 

merging. In fact, accuracy actually increased by 10% for the merging of relatively density 

classes (to 78.8%). 
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Table 4.7 shows a class-by-class comparison of the user's and producer's accuracy for the 

original 12 relative cover classes in the maximum likelihood classification and the ANN 

classification: 

Table 4.7 - Class-by-class maximum likelihood classification and artificial neural net accuracy results 
for relative cover classification using 12 classes and desert pavement. 

Rcovl2 Classes+pave Number of TM+elcv, slope, aspect, SAR: TM-i-elev, slope, aspect, 
Veg@ 3heights Samples/ Maximum likelihood SAR: ANN Classification 

Class Classification 
Producer's User's Producer's User's 
Accuracy Accuracy Accuracy Accuracy 

AMDU J 96.8 78.9 67.7 60.0 
AMDU-ms(a) 5 75.0 76.7 38.6 58.6 
AMDU-ms(b) 12 81.3 84.7 76.7 70.6 
LATR-AMDU 3 100.0 88.5 55.2 70.6 
LATR 4 95.1 84.8 87.8 75.0 
LATR-ms(a) 10 65.3 82.7 63.2 71.4 
LATR-ms(b) 11 71.4 67.7 50.6 63.9 
LATR-dwarf 6 92.6 84.8 86.9 62.5 
ENFA-ms 8 80.5 82.4 70.4 71.7 
Mixed-scrub 6 85.1 75.9 70.3 83.9 
OLTE-ms 7 89.4 87.4 89.4 76.8 
PAMI-ms 8 78.0 86.5 76.8 58.9 
Pavement 3 100.0 96.2 92.0 76.7 

For all classes, except mixed scrub, both producer's and users's accuracies for maximum 

likelihood classification is greater than that ANN classification. For the mixed scrub 

class, the user's accuracy is higher in the ANN classification. Table 4.7 also shows the 

number of training samples per class, ranging from 3 for white bursage and desert 

pavement, to 12 for white bursage-ms(B). However, there is no evidence of a class-by-

class connection between training sample size and classification accuracy in either 

maximum likelihood or ANN classification. Table 4.8 shows the class-by-class 
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classification accuracies for all data combinations. Classes in the maximum likelihood 

relative density classification (Table 4.9) also had a higher accuracy than in the ANN 

relative density classification. No pattern between number of training samples per class 

and class classification accuracy was found. 

Linear Mixture Modeling 

Table 4.6 shows the results from rule classification of the various linear unmixing 

schemes. The results are poor, indicating how heterogeneous the classes actually are. The 

highest classification was achieved by using individual species alone (based upon relative 

cover at or close to 100%) as endmembers. With an overall accuracy of46.49% 

(including pavement and bright soil endmembers) the classification of vegetation is still 

poor, though. However, there was a 26% increase in accuracy when only the purest ROIs 

of individual species were used as endmembers instead of using the more heterogeneous 

relative cover class ROIs as endmembers. This suggests that rule classification accuracy 

of linear unmixed images might further be improved if a sufficient sample of stands of 

only the most pure of the individual species could be collected. In the existing dataset, 

samples in which 100% relative cover of most species were few in number, (e.g. 3 white 

bursage relative cover samples) and for some species no 100% relative cover samples 

existed (e.g. ironwood relative cover class). 



Table 4.8 - Class-by-class maximum likelihood classrication accuracy results for relative cover classification using 12 classes and desert 

pavement for all data combinations. The first column under each category is the class producer's accuracy and the second column is the class user's 
accuracy. 

Rcovl2 
Classes+pave 

Veg@ 
3heights 

TM only TM+Elev TM+Elev 
+SAR 

TM+SAR SAR SAR+Elev Elev 

AMDU 87.1 45.8 96.8 78.9 100.0 100.0 96.8 53.6 41.9 11.6 70.9 32.4 41.9 11.6 

AMDU-ms(a) 84.1 42.1 75.0 76.7 86.4 86.4 86.4 69.1 6.8 10.7 59.1 61.9 18.2 25.8 

AMDU-ms(b) 35.3 75.7 81.3 84.7 88.0 91.0 61.3 88.5 16.7 78.1 52.0 70.35 17.3 13.3 

LATR-AMDU 95.7 33.9 100.0 88.5 100.0 100.0 95.7 57.9 21.7 24.2 91.3 58.3 78.3 29.5 

LATR 78.0 55.2 95.1 84.8 97.6 95.2 87.8 90.0 48.8 18.3 63.4 38.2 39.00 15.8 

LATR-ms(a) 46.3 88.0 65.3 82.7 74.7 92.2 61.1 85.3 9.5 36.0 48.4 74.2 13.6 38.2 

LATR-ms(b) 37.4 48.6 71.4 67.7 76.9 71.4 63.7 66.7 0.0 0.0 36.3 44.4 18.7 37.8 

LATR-dwarf 66.7 60.0 92.6 84.8 96.3 91.2 85.2 64.8 11.1 24.0 61.1 47.8 33.3 26.9 

ENFA-ms 73.6 48.1 80.5 82.4 88.5 85.6 81.6 73.2 22.9 25.0 41.4 75.0 26.4 54.8 

Mixed-scrub 63.5 60.3 85.1 75.9 90.5 83.8 86.5 81.0 59.5 26.8 51.4 45.2 5.4 16.0 

OLTE-ms 50.6 78.2 89.4 87.4 94.1 95.2 68.2 87.9 44.7 39.2 72.9 42.8 60.0 26.2 

PAMI-ms 37.8 46.3 78.0 86.5 87.8 88.2 73.2 65.9 18.3 25.6 19.5 61.5 7.3 22.2 

Pavement 100.0 86.2 100.0 96.2 100.0 96.2 100.0 83.3 92.0 27.3 92.0 47.9 36.0 22.7 



Table 4.9 - Class-by-class maximum likelihood accuracy results for relative density classirication using 12 classes and desert pavement for all 
data combinations. The first column under each category is the class producer's accuracy and the second column is the class user's accuracy. Elev 
refers to elevation, slope, and aspect. 

Rdens Classes TM only TM+Elev TM+Elev 
+SAR 

TM+SAR SAR SAR+Elev Elev 

OPBI-ENFA-LATR-
ms 

74.1 45.5 100.0 93.1 100.0 100.0 96.3 74.3 0.0 0.0 92.6 96.2 92.6 56.8 

ENFA-ms(A) 54.0 66.7 82.5 89.7 86.5 90.8 79.4 81.9 21.4 61.4 36.5 77.9 20.6 45.6 

ENFA-ms(B) 77.4 57.1 88.7 79.7 90.3 81.2 85.5 69.7 27.4 24.6 46.8 63.0 25.8 47.1 

AMDU (LATR)-ms 37.3 74.7 62.7 94.6 74.7 96.1 46.4 85.6 0.0 0.0 33.7 84.1 46.9 79.6 

AMDU-OPBI-
LATR-ms 

60.6 47.6 93.9 70.5 100.0 89.2 93.9 70.5 0.0 0.0 48.5 44.4 15.2 13.8 

AMDU-ms 78.5 61.7 95.3 79.7 97.2 84.6 84.1 70.9 64.5 71.1 85.9 67.2 50.2 59.3 

LATR-ms(A) 70.0 49.1 75.0 66.7 85.0 87.2 90.0 59.0 50.0 11.9 65.0 53.1 37.5 48.4 

OPUNT-LATR-ms 88.2 52.6 97.1 91.7 100.0 94.4 91.2 83.8 32.4 16.2 64.7 45.8 61.8 47.7 

LATR-ms(B) 58.6 48.8 88.6 66.7 92.9 76.5 78.6 67.9 62.9 30.3 75.7 40.5 58.6 20.7 

Riparian-ms 45.8 78.3 74.6 80.0 84.7 86.9 63.6 85.2 22.9 30.7 57.6 54.4 16.9 25.9 

LATR-AMDU 80.6 51.8 100.0 100.0 100.0 100.0 94.4 72.3 27.8 33.3 94.4 73.9 75.0 51.9 

LATR 68.4 66.7 100.0 92.7 97.4 92.5 84.2 72.7 5.3 3.3 73.7 39.4 15.8 17.1 

Pavetnent 100.0 86.2 100.0 100.0 100.0 96.2 100.0 83.3 96.0 28.6 92.0 51.1 52.0 15.3 
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4.62 Qualitative Results 

Given the dearth of independent samples for testing the classifiers, classification accuracy 

was also assessed through field checking and USGS digital orthophoto inspection 

(available online at http://terraserver.microsoft.com). Both pre- and post-classification 

trips to YPG were taken. In the spring of 1998 I spent three days in Yuma Wash with a 

LCTA data collection crew. General terrain and vegetative characteristics as seen on the 

ground were identified on a hardcopy plot of a Landsat TM 7, S, 4 composite. 

Photographs of the landscape were taken at identifiable locations on the TM imagery. 

Photographs were also taken at Yiuna Wash plot locations that the field crew was 

sampling. In December 1998 I drove from Yuma to Quartzite along Route 95 which cuts 

through YPG and took photographs at locations where Highway 95 intersects with 

secondary roads and other identifiable areas on the Landsat TM imagery. In an additional 

trip in July, 1999 I drove from Quartzite to Yuma along the same highway. A large scale 

hardcopy relative cover classification (scale approximately 1: 100, 000) was checked 

against locations in the field. This classification had been done using ail relative cover 

plots before plot reduction. I also visited YPG on October 5-6, 1999 for consultation with 

YPG Conservation Department personnel familiar with YPG vegetation concerning the 

relative density and relative cover classifications. 

Based upon the above knowledge gained from field work at WYPG and analysis of the 

USGS digital orthophotos of WYPG, Table 4.10 was compiled. Table 4.10 summarizes 

http://terraserver.microsoft.com


220 

how some typical landscape features in WYPG have been classified using maximum 

likelihood and ANN classifiers. These landscape features include: 

1. A typical area of "pure" pavement 

2. A typical pattern of dissected pavement, south of Indian Wash. 

3. A typical wash filled with vegetation: the north-south trending section of 
Tyson Wash, northwest of King Road. 

4. A typical dense pattern of thin vegetated wash chaimels within a larger 
channel: Castle Dome Wash just east of Imperial Dam Road. 

5. A typical sparse pattern of thin vegetated wash channels within a larger 
channel: eye shaped area of Los Angeles Wash just west of Middle 
Mountains 

6. A plain in which creosote is the dominate specie, east of Palm Canyon Road 
and Highway 95 intersection. 

7. A smooth textured, bright-toned bajada south of Weaver Pass in the Dome 
Rock Moimtains. 

8. On the west side of the Martinez Lake Road and Highway 95 intersection is a 
few hundred meters of conspicuous white bursage and big galleta as well as 
creosote. 

9. A typical dissected alluvial hill southwest of the north YPG border and 
Highway 95 intersection, west and northwest of Indian Wash. 



TABLE 4.10 (a): Relative cover classification (RCC) summary. RCCI refers to the original 12 class plus pavement relative cover classification, 
RCC2 is the same classification after the first round of plot reduction, and RCC3 the same classification after reducing plots a third time. NNC is the 
artificial neural net classification. See section 4.62 for explanation of numbering system given at the top of the page. 

Set of 
Classes 

Pavement: 
General (1) 

Pavement: 
Dissected 
(2) 

Riparian: 
Dense (3) 

Riparian 
Pattern: 
Dense (4) 

Riparian 
Pattern: 
Sparse(5) 

LATR 
•Plain 
(6) 

Sandy 
Outwash (7) 

AMDU-
LATR-
HIRI (8) 

Dissected 
Hills (9) 

RCCI ENFA-m, 
AMDV-ms(B). 
LATR-AMDU. 
LATR-msfA) 

ENFA-ms LATRfOnlya 
few PAMI-m 
pixeb 

Some of main 
channels mixed 
scrub or PAMI-
ms, rest mostly 
LATR 

Vegetated 
areas mixed 
scrub, OLTE-
ms or PAMI-
ms; dry parts 
LATR 

LATR AMDU-ms(B), 
a little AMDU-
ms(A); OLTE-
ms dose to 
mountain 

LATR-
AMDU 

LATR-
ms(B) 

RCC2 LATR-msfA), 
AMDV-ms(B) 

LATR-ms(A). 
(LATR-
ms(B)) 

Mostly LATK-
very 

small mixed 
scrub area to 
the side of wash 

Main channel 
mostly mixed 
scrub, not 
connected; most 
LATR, LATR-
ms(A) 

Mostly 
OLTE-ms 
with some 
PAMI-ms; 
drier areas 
LATR-ms(A), 
LATR-ms(B) 
or LATR 

LATR AMDU-ms(B), 
AMDU-ms(A), 
LATR-AMDU; 
OLTE-ms 
close to 
mountain 

LATR-
AMDU 

LATR-
ms(B) 

RCC3 ENFA-m, 
AMDU-im(B), 
LAn-m(Ai 

LATR-ms(A), 
(LATR-
ms(B)) 

Mostly PAMl-
ms, a few 
LATR-ms(B) 
pixels 

Mostly PAMI-
ms, some of 
densest 
vegetation is 
mixed scrub, 
some LATR and 
LATR-ms{A) in 
drier parts 

Mostly 
PAMI-ms and 
OLTE-ms 

LATR-
ms(B) 

AMDU-ms(D), 
AMDU-ms(A); 
OLTE-ms 
close to 
mountain 

LATR-
ms(A), 
one 
UTR-
AMDV 
pixel 

LATR-
ms(B) 

RCC: 
NNC 

AMDU, 
AMDU-ms(B), 
pavement, 
others 

Mostly 
AMDU 

Mixed scrub, 
AMDU-ins(B), 
few PAMI-ms 

Main channels 
mixed scrub or 
PAMI-ms, north 
margin OLTE-
ms, drier and 
less vegetated 
parts LATR 

Mostly 
PAMI-ms and 
OLTE-ms 

LATR-
dwarf 

AMDU-ms(B), 
some LATR-
ms(B) and 
LATR-AMDU; 
OLTE-ms 
close to 
mountain 

LATR-
ms(B), 
AMDU-
ms(B) 

LATR-
ms(B) 



Table 4.10(b): Relative density classification (RDC) summary. RDCI refers to the original 12 class plus pavement relative density classification, 

RDC2 is the same classification af^er the first round of plot reduction, and RDC3 the same classification aAer reducing plots a third time. NNC is the 

artificial neural net classification. 

Set of 

Classes 

Pavement: 

general(I) 

Pavement; 

Dissected 

(2) 

Riparian: 

Dense (3) 

Riparian 

pattern dense 

(4) 

Riparian 

Pattern 

sparse (5) 

LATR-

Plain (6) 

Sandy 

Outwash 

(7) 

AMDU-

LATR-

HIRi (8) 

Dissected 

Hills (9) 

Rix:i ENFA-

ENFA-

AMDU-
OPBI-
LATR, some 
ENFA-
ms(A) 

Mostly 
AMDU-ms, 
few riparian 

Main vegetated 
channels 
Indistinct; LATR-

Mostly 
Riparian-ms 

LATR-
ms(B) 

AMDU-ms LATR-
ms(A), 
LATR-
AMDU 

OPUNT-
LATR-ms, 
AMDU-
OPBI-
LATR 

Rix:i 

m(B) 

AMDU-
OPBI-
LATR, some 
ENFA-
ms(A) 

pixels ms(B), some 
riparian-ms on 
channel mamins 

Mostly 
Riparian-ms 

LATR-
ms(B) 

AMDU-ms LATR-
ms(A), 
LATR-
AMDU 

OPUNT-
LATR-ms, 
AMDU-
OPBI-
LATR 

RDC2 ENFA-
im(A}, 
ENFA-
im(Bi 

AMDU-
OPBI-
LATR, some 
ENFA-
ms(A) 

AMDV-ms, 
some 
ENFA-
m(B) pixels 

Main vegetated 
channels ENFA-
ms(B):LATR. 
LATR-ms(B)in 
less dense parts, 
little riparian 

Riparian-ms in 
heaviest 
vegetation, else 
LATR or 
LATR-ms(B) 

LATR-
ms(A) 

AMDU-ms LATR-
ms(A), 
LATR-
AMDU 

OPUNT-
LATR-ms, 
AMDU-
OPBI-
LATR, a 
little 
AMDU-

LATR 

RDC3 AMDV-
LATR, 
ENFA-
im(A), 
ENFA-
mt(Bi 

ENFA-
ms(A). 
ENFA-
ms(B), 
AMDU-
LATR 

ENFA-
m(B) 

Main vegetated 
channels ENFA-
ms(B):LATR-
ms(B) In less 
dense parts 

Channel 
margins mostly 
Riparian-ms, 
interior 
riparian, I.ATR 
and LATR-
ms(B) 

AMDU-
LATR 

AMDU-ms AMDU-
ms(A) 

Mostly 
AMDU-
LATR 

RDC: 

NNC 

Pavement, 

ENFA-
ms(A), 
ENFA-
ms(B), 
others 

ENFA-
ms(A) 

Mostly 
LATR-
AMDV 

Main vegetated 
channels AMDU-
UTR, AMDU-ms 
andLATR In less 
dense parts; very 
little riparian-ms 

Mostly LATR 
with some 
AMDU-ms 

ENFA-
ms(B) 

ENFA-
ms(B) 

Mostly 

LATR-

AMDU 

K) 



Table 4.10(c); Comparison of the relative cover classification before and after class merging and the relative density classification before and 

after class merging. 

Set of 

Classes 

Pavement: 

general(1) 

Pavement: 

Dissected 

(2) 

Riparian: 

Dense (3) 

Riparian 

pattern dense 

(4) 

Riparian 

Pattern 

sparse (S) 

LATR-

Plain 

(6) 

Sandy 

Outwash 

(7) 

AMDU-

LATR-

HIRI (8) 

Dissected 

Hills (9) 

RCC3 ENFA-na, 
AMDV-

lATR-m(A) 

LATR.ms(A). 
(LATR-
ms(B)) 

Mostly 
PAMI-ms, 
few LATR-
ms(B) pixels 

Mostly PAMI-
ms, some of 
densest 
vegetation Is 
mixed scrub, 
some LATR and 

LATR-ms(A) in 
drier parts 

Mostly PAMI-
ms and OLTE-
ms 

AMDU-
ms(B), 
AMDU-
ms(A); 
OLTE-ms 
close to 
mountain 

LATR-
ms(A), 
one 
LATR-
AMDV 

LATR-
ms(B) 

RCC3 
(merged) 

AMDU-m AMDU-ms, 
LATR-ms 

Mostly 
LATR-ms, 
little 
riparian-ms 

Mostly riparian-
ms, some LATR-
ms 

Mostly riparian-
ms, some 
LATR-ms 

Mostly 
AMDU-ms, 
some LATR-
ms; riparian-
ms close to 
mountain 

LATR-ms LATR-ms 

RDC3 AMDV-
LATR, 
ENFA-im(A>, 
ENFA-m(B) 

ENFA-ms(A). 
ENFA-ms(B), 
AMDU-
LATR 

ENFA-
ms(B) 

Main vegetated 
channels ENFA-
ms(Bi:LATR-
msfB) In less 
dense parts 

Channel 
margins mostly 
Riparian-ms, 
interior riparian 
and LATR and 

LATR-ms(B 

AMDU-ms AMDU-
ms(A) 

Mostly 
AMDU-
LATR 

RDC3 
(merged) 

ENFA-ms, 
tome 
AMDVfUT 
Rt-ins 

ENFA-ms ENFA-ms Main vegetated 
channels ENFA-
ms: drier parts 
UTRorUTR-
ms 

Channel 
margins mostly 
Riparian-ms, 
interior mostly 
riparian with 
LATR and 

LATR-ms 

AMDU 

(LATR)-ms 
AMDU 
(LATR)-
ms 

LATR-ms, 
some 

AMDU(LA 
TR)-ms 

K U> 



Table 4.11 - General characteristics of the patterns classified in Tables 4.10(a) through (c). 

Landcover 

(from Tables 4.10 (a) through 

(c)) 

Appearance on Histogram-

Equalized FCC Composite 

(Landsat TM 4,3,2) 

Appearance on ERS-1 images Quality of Landsat TM-

SAR Registration 

Pavement: General Dark, smooth Dark, smooth Poor to excellent, typically 

good 

Pavement; Dissected Dark , smooth pavement dissected 

by tan (dry) channels. Small or 

moderate amounts of vegetation in 

Channels 

Dark, smooth pavement. Bright 

linear features correspond to 

channels with most dense (i.e. 

deepest red on FCC) vegetation 

Good 

Riparian: Dense Deep red Bright linear feature corresponding 

to the wash 

Excellent 

Riparian Pattern: Dense vegetated channels toned of red, 

non-vegetated wash generally light 

blue 

Larger drainage channel medium 

toned. Most densely vegetated 

channels are brighter, but general 

appearance is of one broad wash. 

Good 

Riparian Pattern: Sparse Medium to light toned with faint 

red strips of vegetation. 

Medium to dark toned. Active 

washes not visible. 

Very good 

LATR-plain Mixed tones indicating pavement 

(dark), washes (red) and exposed 

soil (light brown and tan tones) 

Medium to bright toned. Some 

washes and pavement areas can be 

picked out, but general appearance 

is mottled 

Very good (determined from 

nearby dirt roads) 

Sandy Outwash Bluish tones, smooth texture Black and smooth, rougher near 

mountain 

Fair to good 

AMDU-HIRl-LATR Medium to bright toned Dark, smooth Fair to good 

Dissected Hills Medium brown, darker valleys Bright Good to very good 
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All classifications discussed in Table 4.10 were performed using Landsat TM, ERS-1 

SAR, and elevation, slope, and aspect layers. In Table 4.10(a), these features are 

described in terms of relative cover classification before and after plot reduction. In Table 

4.10(b), the same is done for the relative density classifications, before and after plot 

reduction. In Table 4.10(c) 4 classifications are compared: the original relative cover and 

relative density classifications using 83 plots and the merged relative cover and the 

merged relative density classifications. Table 4.11 shows the general characteristics of the 

landscape pattems as they appear on a Landsat TM false color composite and on the radar 

imagery. Although Table 4.10 discusses qualitative assessments of classification 

accuracy, classifications that were judged to be most likely erroneous have been 

underlined and italicized. Examination of these tables allows a few generalizations about 

the classifications to be made. 

Referring to how desert pavement was classified in Table 4.10, only the ANN classifier 

was able to classify much pavement actually as pavement. In all classifications including 

the NNC, however, much of the darkest pavement (as seen in the Landsat TM imagery) 

has been classified as a non-pavement class. This is not surprising, as some LCTA plots 

contain significant amounts of pavement or pavement-like surfaces (e.g. plot 157, 

APPENDIX II). All creosote, bursage, and brittlebush classes have one or more plots in 

which the amount of pavement is substantial. Thus, it is expected that the classifiers used 

might confuse one or more classes as pavement. This is particularly true for dissected 
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pavement. As Figures 4.1 and 4.2 show, much of the pavement at YPG is in close contact 

with strips of vegetation. 

Only the relative cover classification scheme after two sets of plot reduction indicated the 

densest riparian vegetation. Here, both maximum likelihood and ANN classifiers had 

similar performance. The dense pattern of washes was classified similarly. Surprisingly, 

most of the classification iterations performed poorly in classifying the densely vegetated 

washes (Figure 4.3 shows the typical vegetation in one such wash at YPG). None of the 

relative density classifications adequately depicted dense vegetation. This may be 

because the riparian mixed scrub relative density class has relatively few members in 

contrast to the palo verde, ironwood, and riparian mixed-scrub relative cover classes. 

Appendix VI shows a side-by-side comparison of relative cover classes and relative 

density classes. Many plots that have been classed as a riparian environment in the 

relative cover classification (especially palo verde mixed scrub and riparian mixed-scrub) 

have actually been classified as a creosote mixed scrub or a brittlebush mixed scrub. 

Rarely is the reverse true. Furthermore, it is not uncommon for other relative density 

classes to have almost as many palo verde or ironwood members as the relative density 

riparian mixed scrub class! This supports the use of relative cover as a measure of 

measuring species with significant crown cover for classification of riparian vegetation. 
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Figure 4.1 (above): Approximately 0.7 miles south of northern YPG boundary on Highway 95. 
West side of Highway 95 looking north from mound of volcanic rubble. Note disturbance of 
desert pavement from vehicular traffic to the left of the highway. 

Figure 4.2 (above): Taken from a similar vantage point to the Figive 4.2, but looking more 
northwestwardly. Volcanic rubble abruptly changes to desert pavement. Pavement is criss
crossed by strips of vegetation. Strip of vegetation in the foreground appears to be dominated by 
white bursage. Towards the background of the photo, the terrain changes into rolling alluvial hills. 
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Figure 4.3 (above): Dense wash vegetation northeast of Martinez Lake Road. Smoke Tree 
(Dalea spinosa) is prominent, though underrepresented in the LCTA data. 

Urvtfrd St»ta« A/rrry 

VUMA PROVWG GftOUND 

Figure 4.4 (above): South YPG boundary on Highway 95 looking northwards. Riparian vegetation 
parallels the road. 
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The relative density classifications had higher accuracies when the wash vegetation was 

actually relatively sparse. Figure 4.5 shows a terrain in which creosote and ironwood are 

prominent. At irregular intervals thin strands of denser vegetation (mostly trees) trend 

from in an east-west direction in Figure 4.5. However, it is not clear what the "true" class 

designation for areas such as those on Figure 4.5 should be. A creosote mixed scrub (e.g. 

LATR-ms(B)) might be an adequate class designation for the landscape in Figiire 4.5, but 

not one that reflects the significant presence of trees. Assuming that the strands of 

vegetation in Figure 4.5 are primarily ironwood, an ironwood-mixed scrub class 

designation might also apply. 

Figure 4.5 - Approximately 11.7 miles south of the radio tower on west side of Highway 95 
between Indian Wash and Los Angeles Wash. Looking northwards. Ironwood (OLTE) and 
creosote (LATR) are prominent species. 
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Figure 4.6 - Looking westwards towards radio tower south of King Road. Highway 95 is in the midground. 
Note abundance of Teddy Bear Cholla (OPBO in the foreground. The relative cover classification does not 
include a separate cacti class. A creosote mixed scrub association (e.g. LATR-nis(A) or LATR-ms(B)) may 
be assumed to possibly have areas, like the one in the figure, in which members of cacti species are 
abundant. 

All classifications, except for the relative density ANN classification, performed well in 

identifying the white bursage-mixed scrub communities that are abundant on the lower 

reaches of the sandy bajada in Figure 4.7. For the sake of this discussion, it was assiuned 

that the subtle differences between white bursage-dominated classes need not be 

distinguished by a given classifier. Therefore, any of the white bursage-dominated classes 

was considered as a "correct" classification. In fact, there is a relative cover white bursage 

mixed-scrub (A) (AMDU-ms(A)) plot and 4 relative cover white bursage-mixed scrub 

(B) (AMDU-ms(B)) plots on this bajada. 
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In Table 4.10, another classification assessment was based upon the white bursage 

content at the Martinez Lake Road and Highway 95 intersection. Travelling westward on 

Martinez Lake Road from this intersection abundant white bursage individuals and 

clumps of big galleta were observed. The number of creosote individuals was small, but 

increased fiirther westward along Martinez Lake Road. A classification was then 

considered "correct" if the class around the intersection heading westwards for at least 

300 meters was a class in which white bursage is abundant. In the first two relative cover 

classifications (RCCl and RCC2) the surrounding class is creosote-white bursage 

(LATR-AMDU), which is appropriate. However, after the second round of plot reduction 

(RCC3), the classification accuracy dropped and the area was now designated as a 

creosote mixed-scrub. The relative density classifications were opposite: the classification 

accuracy seemed to improve after the second round of plot reduction (RDC3). Here, the 

white bursage-creosote (AMDU(LATR)-ms) designation reflects the abundance of white 

bursage, yet also suggests that creosote may be important as well, which is true ftuther 

west along Martinez Lake Road. 

Highly dissected alluvial fan deposits appear as high, well rounded ridges and gentle hills 

and are particularly common in the Yuma Wash watershed (Ayres Associates, 1996). 

Typical vegetation on these hills is creosote (LATR) in some combination with other 

species. Some sort of LATR-mixed scrub class designation is therefore fitting. In all 

relative cover classification this is the case. However, the relative density classifications 
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indicate that both cacti (OPUNT) and white burs£^e (AMDU) are significant. The cacti 

designation for hills in the Indian Wash area is actually appropriate as many cacti on 

these hills were observed in the field. This is an example of the usefulness of the belt 

transect in certain situations for sampling species that can be under-represented on the 

relative cover transect. 

Figure 4.7- Sandy outwash from the Dome Rock Mountains 
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4.7 Discussion and Conclusion 

The relatively high classification rates in Table 4.2 are probably less accurate than stated 

because accuracy assessment was performed using the training samples as testing 

samples, in most cases, and because of the limited number of samples. When independent 

samples were used for testing, the resulting accuracy was lower (62% for the merged 

relative cover classes and 54% for the merged relative density classes). However, this 

independent testing meant that relatively few samples were left for training. In WYPG 

this left only 58 samples, an amount which may be insiifiicient for training the classifiers. 

However, the set of classifications performed using the data in classification #2a of Table 

4.2 shows that if the set of training ROIs is used to both train and test the classifier, 

classification accuracy was similar to the classifications performed using all 83 plots. 

When the testing set (classification #2c in Table 4.2) was used to both train and test the 

classifier, the classification accuracy actually increased. This suggests that the maximum 

likelihood classifier may become overfitted to the training data, further indicating the 

classification results need to be interpreted with caution. On the other hand, classification 

accuracy actually decreased in most classifications when merged density and cover 

classes were used (classification #2a in Table 4.2- testing and training using all plots) was 

compared to the original classification accuracies (classification #1). This decrease in 

accuracy may indicate that the original 12 classes (or the plot locations of these 12 

classes) are more separable to the maximum likelihood classifier when certain data layers 

are used in combination, for example all data layers in Table 4.2. The implication here is 
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that if sufficient samples were available, an independent test and train partition of the 

original 12 relative cover or 12 relative density classes would reveal a higher accuracy 

than for the merged dataset, as reported in Table 4.2 (classification #2d, 62.12% using all 

data layers). If there is a linear relationship between classification results using the 

original classes with classification results using the merged classes, then perhaps the 

"true" classification accuracy of the 12 relative cover class dataset plus desert pavement 

would be 70% or more. On the other hand, the increase in accuracy when classes were 

merged for some classifications, in particular SAR and elevation, slope, and aspect 

classifications, may indicate that these layers are responding to broad structural and 

topographic characteristics which relate more closely to the coarser vegetation classes. 

According to Mather (1999), the use of training data for testing the classification can do 

little more than indicate the purity of the samples. If this is the case, then the accuracy 

assessment numbers can be used to assess the homogeneity of the LCTA vegetation 

classes derived from cluster analysis. Based upon the numbers given in Table 4.2, in 

conjunction with the ordination results in Chapter 3, both relative density and relative 

cover classifications (as described in Tables 3.9 and 3.10) are valid classification schemes 

for WYPG. This convergence of evidence (as clustering and ordination results are 

independent of the remote sensing classification results) implies that relative cover and 

relative density classification can be extended to the remainder of YPG or to any 

environment in which similar field data is available. 
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In all classification iterations, maximum likelihood classification (Table 4.2) was 

generally superior to ANN classification (Table 4.5). To date, this has been one of the 

few remote sensing studies in which ANN classification did not improve on maximum 

likelihood classification (at least quantitatively). A study by Michelson et al. (2000) also 

reported maximum likelihood classification to be superior to backpropagation ANN 

classification. Michelson et al. (2000) also used a single TM scene and multitemporal 

ERS-1 in their classification of 16 Swedish agriculture and forest classes. Initial ANN 

classifications had significantly poorer accuracy as compared to the maximum likelihood 

classifications (50.9% using the 12 relative cover classes and a desert pavement class). 

This low accuracy was partially a result of using the soil layer in the classification, the 

soil. Removal of this layer significantly improved classification accuracy by about 10%. 

The reason that the soil layer did not improve classification may have been because there 

is no relationship between soil type and vegetation class, thus making it difficult for the 

ANN to adequately associate input pattems with output patterns during learning. An 

examination of within- and between-class location on the TM imagery revealed that 

indeed, there were no consistent pattems between physiographic location and class, 

except for the riparian classes. One other possible cause, though, might be the inability of 

the ANN to adequately deal with categorical data (M. Poulten, 1999 personal 

communication). If so, this would mean that the well-known advantage of ANNs for 

integrating multisource data must be approached with caution. Another reason initial 

classification accuracy was poor was the direct result of scaling the inputs to a 0 to 1 
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range and using sigmoid activation. At the suggestion of M. Poulten (1999, personal 

communication) the inputs were scaled to a -1 to 1 range and a TanH transfer fimction 

used instead of a sigmoid transfer function. This improved classification significantly (to 

69.7% for the 12 relative cover classes plus pavement), though, still less than the 88.2% 

accuracy for the same data layers using maximum likelihood classification. The use of 

TanH with scaling to from -1 to 1 is different from most remote sensing studies that use 

sigmoid activation and a scaling from 0 to 1. Because the output of the transfer flmction 

is used as a multiplier in the weight update equation during backpropagation, a range of 0 

to 1 mear^ a smaller multiplier when the simmiation (activation) is a low value, and a 

higher multiplier for higher summations. This could lead to a bias to learning higher 

outputs (approaching 1) (NeuralWare Inc., 1991). Therefore, it is suspected that the high 

SAR values in some of the training samples may have adversely affected the 

classification results when the sigmoid transfer flmction was used. The hyperbolic 

tangent, however, gives equal weight to both low and high values that may account for 

the improvement in classification. In fact. Neural Ware, Inc. (1991) reconunends TanH for 

most real-world applications. It is not surprising, then, if other ANN investigations use 

sigmoid transfer and multisource data, optimum results may not be obtained. For 

example, Skidmore et al. (1997) did not measure ANN classification results against other 

classifiers directiy, but reported that the ANN did not accurately classify forest using GIS 

and Landsat TM data. Their dataset consisted of elevation, slope, aspect, topographic 

position, geology, rainfall, and Landsat TM data, though they only performed 
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classification using TM alone and TM with all GIS layers. No attempt was made to 

evaluate the effect of individual layers on the classification. In light of the results of the 

present study, it is suspected that relatively poor results reported by Skidmore et al. 

(1997) might be attributable to the inclusion of one or more of the GIS layers (the 

multisource data problem) and to the use of sigmoid activation and 0 to 1 scaling (the 

problem of a bias towards high values). Another caveat to using sigmoid activation is 

discussed by Warner and Skank (1997). They investigated fuzzy neural network 

classification and found that errors in classification tended to peak when one class 

comprised approximately 20 to 25 percent of a pixel. This is of interest to the present 

study as some of the vegetation cover at YPG is within this range. Warner and Skank 

(1997) say thai this is a result of the fact that the curve of the sigmoid activation function 

is not sufficiently linear, meaning that classiHcation errors concentrate on the shoulders 

of the sigmoid curve, where one class dominates another. This problem may have been 

another reason why ANN classification using sigmoid activation had poor results in this 

study. The shape of the TanH activation function is similar to that of the sigmoid 

activation fimction, however, so it is not known whether or not the different scaling used 

applies in this case (i.e. whether or not the error concentration is similar). If this is the 

case, then classification accuracy using the WYPG dataset could potentially be higher if 

another transfer function was used. Warner and Skank (1997) found that when they used 

a compound linear-sigmoid activation function, the resiilting error was overall much 

lower and the outputs more correctly approximated the desired pattern. 
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Although the ANN performance did not match that of the maximum likelihood classifier 

in terms of numerical accuracy assessment, the qualitative results (see Table 4.10) seem 

to indicate that, in the case of the relative cover classes, performance was similar. These 

assessments, discussed in 3.62, give some leeway in judging whether or not a 

classification was "correct". However, the cost of misclassifying a white bursage-mixed 

scrub class as a creosote-bursage-mixed scrub class is not considered significant. In fact, 

ecologically, many of the 12 relative cover and 12 relative density classes are actually 

similar enough to join at the regional mapping scale for YPG or WYPG. It is interesting 

to note, however, that both quantitatively and qualitatively, class merging did not produce 

any noticeable increase in classification accuracy for either the maximum likelihood 

classifier nor the ANN classifier. The reduction of training samples did increase relative 

cover classification accuracy and relative density classification accuracy using both 

classifiers (see classifications #2a to #2c in Tables 4.2 and 4.3, and the pre- and post-class 

mergings in Table 4.5). In fact, the relative density neural net classification increased by 

about 10% to 78.8% after class merging, which is comparable to the maximum likelihood 

classification accuracy of 81.3%. On the one hand, this increase in accuracy may simply 

reflect the increase in homogeneity in class ROIs. On the other hand, qualitative accuracy 

also seemed to improve suggesting that indeed the increase in quantitative classification 

accuracy was accurate in at least relative terms. 
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The addition of ERS-1 SAR data did improve the classification. Although not reported in 

Table 4.2, classification accuracy decreased by about 5% when only the April ERS-1 

image was used (with any combination of the remainder of the dataset) in any of the 

maximum likelihood classifications or if the June ERS-1 image alone was used in any of 

the same classifications (these experiments were not repeated for ANN classification). 

Because this was not a change detection study per se, seasonal changes in vegetation 

expression were not investigated. Nonetheless, it is suspected that subtle changes in 

backscatter due to such seasonal changes helped differentiate between classes and 

improve classification accuracy. However, it was very clear the ERS-1 images were 

useful for detecting vegetation, particularly dense vegetation (Table 4.10). Although, 

Schaber (1999) reports that in the Yuma Desert, just southeast of YPG, dendritic drainage 

channels were weakly portrayed on ERS-1 imagery, dendritic drainage on ERS-1 imagery 

in the YPG area was actually strongly portrayed. This is partially due to the amoimt of 

wash vegetation present, though other factors such as greater incision into the underlying 

alluvium, creating comer reflectors, may also play a role. Less dense vegetation was not 

as obvious on the imagery (Table 4.10). In general, though, it seems that backscatter from 

vegetation does contribute to the overall radar response. Again, subtle differences in 

vegetation backscattering between classes may have helped improve classification 

accuracy. 
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In summary, the cluster results of relative cover and relative density matrices proved to 

be useful as reference data for remote sensing analysis and image classification. Figures 

4.8 and 4.9 show the final maps created using these schemes. The maps in both Figure 

4.8 and Figure 4.9 were produced by the maximum likelihood classifier, as maximum 

likelihood classification accuracy was greater than ANN classification accuracy, although 

a qualitative accuracy assessment suggested that ANN classification was comparable to 

maximum likelihood classification. In general, the relative cover clustering scheme 

proved to be superior to the relative density clustering scheme, mostly because it samples 

riparian vegetation more efficiently. ERS-l SAR imagery was also a factor in the sensing 

of vegetation, especially dense riparian vegetation. The maps in Figures 4.8 and 4.9 were 

generated from classification of all 11 data layers. The results of experimentation with 

different combinations of these input layers in maximum likelihood classification 

indicated that a combination of Landsat TM, ERS-l SAR, and elevation, slope, and 

aspect layers produced better classification results than any single layer. 
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YUMA PROVING GROUND VEGETATION CLASSIFICATION: 
RELATIVE COVER CLASSES (MAXIMUM LIKELIHOOD) 

Easing 177.337 
Northing 3. 717. 542 

EaMing 208.310 
3. 717. 104 

Easting 177. 992 
Northing 3.631.199 

Eatfng 200.018 ' 
Nothing 3.631.063 

Relative Cover Class 

Buisage 
IB White Bursage - fTis(A) 
I I While Buisage - ms^) 

Creosote - White Bursage 
Creosote 

HI Creosote - ms(A) 
Creosote - ins(B) 
Creosote (Dwarf) 

1^1 Brittlebush - mixed scrub 
Riparian Mixed Scrub 
bonwood Mixed Scrub 
Foothills Palo Verde - ms 

IB [desert Pavement 

/\/ US Highway 95 

N 

A 
10 20 

Kilometers 

Scale 1 : 500, 000 

Rgure 4.8 - This map covers the western 
partofYuma Proving Ground (Figure I.I). 
Maximum likelihood classification was 
performed on a dataset oonsisung of a 
June 13.1993 Landsat TM sccnc; April 3 
and June 12 ERS-I C-band radar scenes; 
and elevatioa slope, and aspect layers. 
Relative cover classes created through 
cluster analysis of Land Condition Trend 
Analysis (LCTA) data formed the 
reference data for training the classifier. 

* ms in a class designation refers to a mixed 
scrub 
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YUMA PROVING GROUND VEGETATION CLASSIFICATION: 
RELATIVE DENSITY CLASSES (MAXIMUM LIKELIHOOD) 

EaMing 177. 337 
Nontiing 3. 717.542 

EMting2aB. 310 
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Rgurc 4.9 - This map covers the western 
part of Yuma Proving Ground (Figure I.I). 
Maximum likelihood classification was 
performed on a dataset consisting of a 
June 13.1993 Landsat TM sccne; April 3 
and June 12 ERS-1 C-band radar scenes; 
and elevation, slope, and aspect layers. 
Relative density classes created through 
cluster analysis of Land Condition Trend 
Analysis (LCTA) data formed the 
reference data for training the classifler. 

* ms in a class designation refers to a mixed 
scrub 
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5.0 CONCLUSIONS 

Summary 

This dissertation has demonstrated a way in which field vegetation data can be 

transformed into categorical reference classes (vegetation commimities) that can be 

subsequently used to characterize vegetation on a regional scale using satellite imagery. 

This study was undertaken to help understand the nature and composition of Sonoran 

Desert vegetation communities in southwest Arizona and to investigate new ways to map 

this vegetation, or vegetation in similar environments, using remote sensing methods. 

Furthermore, vegetation maps generated from this research are products which can be 

used for resource management and military plaiming at Yuma Proving Ground. 

The main research contributions of this dissertation include: 

1. A demonstration and investigation of how ordination and clustering 
algorithms can be applied to US Army LCTA vegetation data. 

2. A comparison of two schemes of vegetation classification, one based upon 
vegetation cover and one on vegetation density, in a Sonoran Desert 
environment. 

3. The investigation of the use of these two classification schemes in image 
classification. 

4. The evaluation of the use of radar imagery in conjunction with and separate 
from Landsat TM data for desert vegetation classification. 

5. A comparison of the use of ANN classification to maximum likelihood 
classification and to linear spectral uimiixing of desert vegetation. 
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Using the US Army's LCTA field data for Yuma Proving Ground, two schemes to 

characterize Lower Colorado Desert vegetation were used; one based upon relative 

vegetation cover (line transect data) and one based upon relative vegetation density (belt 

transect data). The original line and belt transect data were transformed into plot-by-

species matrices, with species being partitioned into 3 height classes. In the case of the 

line transect data 0.0-0.5m, 0.5-1 .Om, and > I .Om height classes were used and in the case 

of the belt transect data 0-lm, l-2m, and >2m height classes. These matrices were then 

clustered. After clustering, the original matrices were sorted according to cluster. In both 

relative cover and relative density operations, 12 vegetation clusters or classes were 

extracted. In the ordered tables, the specific species composition of each relative cover 

and relative density cluster were examined. At the same time, the separability of these 

clusters on ordination diagrams was examined. If members of two or more clusters were 

close in ordination space and in vegetation composition they could be subsequently 

merged. It was found that correspondence analysis (CA), detrended correspondence 

analysis (DCA), and non-metric multidimensional scaling (NMDS) were all useful in 

showing the distribution of plots within each cluster class. Despite the criticisms of DCA 

by some researchers, DCA was found to be very useful in illustrating the similarities and 

dissimilarities of plots and clusters. The conclusions from this study indicate that use of 

several ordination methods help show plot and cluster relationships more clearly than a 

signal ordination method alone. The plots-by-species matrices were also used in 

TWINSPAN classification. However, the classes derived from TWINSPAN were not as 



245 

homogeneous as those created from clustering (as seen in the sorted plots-by-species 

matrix and ordination diagrams) and thus were not used in fiuther analyses. 

A relative cover plots-by-species matrix was also created in which ground and rock 

occurrence along the line transect, in addition to vegetation, was also considered as cover. 

In this matrix only the topmost vegetation hit per sample point along the transect was 

used. Clustering and ordination of this matrix was then carried out. Since vegetation 

cover at YPG is generally low, initial clustering results produced clusters that were 

dominated by bare soil and rock. Rock and soil hits were then downweighted by a factor 

of ten and relative cover re-calculated. The new clustering results did show some 

vegetation structure, though plots were still grouped more or less according to rock and 

bare soil factors. In comparison, the relative cover classification at three heights proved to 

be superior in ordering the plots based upon vegetation. 

As the relative cover and relative density classifications of the LCTA data show, even 

though each cluster is relatively distinct in ordination space, there is a fairly wide range in 

within-plot species composition for most classes (except for pure white bursage and 

creosote relative cover classes). However, the number of plots in these "pure" classes is 

small and a more typical relative cover classification is either a creosote mixed scrub 

cl£iss or an white bursage mixed scrub class. Although some of the species in the creosote 

mixed scrub or white bursage mixed scrub plot may be minor, they may also indicate a 
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local change of importance in the geographic expression of the site where the plot is 

located. The ordination diagrams in chapter 3 illustrate the spread of plots within each 

relative cover or relative density class. The correlation of environmental variables with 

plot ordination scales hint that the differences in plot species composition within a given 

class may be a result of one or more environmental factors. The main factors which affect 

the distribution of species between plots generally seem to be soil texture, although it 

must be emphasized that even though some of the correlations may be statistically very 

significant, they are nonetheless weak correlations. Since important soil and 

environmental variables were available for correlation with the plot ordination scores, it 

is postulated that the ordination scores probably reflect a complex gradient of several 

factors, with no one factor being dominant. 

As described in Chapter 4, members of each of the clusters were then used as training 

samples for maximum likelihood and ANN image classification. An additional training 

class was used for desert pavement, as it was considered an important cover type at YPG. 

The image database consisted of the following co-registered layers: a 1993 June Landsat 

TM image, two 1993 ERS-1 C-band radar images (April and June), and elevation, slope, 

and aspect images. An additional soil layer was also used in ANN classification. The 

highest accuracy was that attained using maximum likelihood classification using all 

image layers: 69.6% for the relative cover classification scheme and 67.6% for the 

relative density classification scheme. After these classifications, training samples were 
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re-examined in relation to their Landsat TM image location and according to LCTA 

database plot information. A number of plots were then eliminated because of 

inconsistencies with the LCTA database, poor registration, shadowing, etc. After removal 

of these plots maximum likelihood classification was once again carried out. 

Classification accuracy improved to: 86.62% and 76.1% for the relative cover and 

relative density classification using all image layers. A secondary examination of plots in 

relationship to the radar imagery removed another set of plots on accoimt of TM/radar 

misregistration and geometric distortions of the radar. Unfortunately, this plot pruning 

left a relative cover dataset with only 83 plots, which made it difficult to properly train 

and test the classifier. More plots were actually available for the relative density 

classifications than the relative cover classifications, as plots in which no vegetation was 

sampled using the line transect were not included in the relative cover matrices. To be 

able to directly compare classification accuracy using relative cover and relative density 

methods, the number of plots in all classifications was standardized to 83. When relative 

cover (using 83 plots) was classified using the ANN, classification accuracy produced an 

accuracy of only 50.9%. This low ANN classification accuracy was attributed to the use 

of the categorical soil layer in the classification and a sigmoid transfer fimction. When the 

soil layer was excluded from the classification and the activation changed to tanh, 

classification accuracy improved significantly: to 69.7% in the case of relative cover and 

68.5% in the case of relative density. 
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When methods of classifier testing such as leaving-one-out, 10-fold train and test, and the 

eO bootstrap were used, maximum likelihood classifier accuracy was very poor. It was 

assumed that this poor accuracy was more a function of the testing method than the actual 

accuracy, so that these testing methods were not further employed. Classification testing 

was also done by partitioning the plots into a 70% training set and a 30% testing set. 

Maximum likelihood classification was carried out by training and testing using the 

training set alone, by training and testing using the test set alone, and by training on the 

train set and testing using the test set. Accuracy continued to be high in the first two cases 

indicating that the classifier may become overfitted to the data. Accuracy was less in the 

third cases when separate plots were used for both training and testing (62.1% for the 

relative cover classification and 54.1% for the relative density classification). This 

suggests that there is appreciable spectral overlap between vegetation classes - probably 

related to TM spatial resolution and soil effects - and/or the fact that the nimiber of input 

patterns may not adequately describe each class. The independent train and test 

classification does indicate, as do all versions of the classifications (Tables 4.2 and 4.3), 

that classification using all layers produces the highest classification accuracy. In general, 

an increase in classification accuracy is distributed across all classes. Radar probably 

contributes to this accuracy through volume scattering of thicker vegetation, especially in 

the washes. In the relative cover classification which included 12 vegetation classes plus 

desert pavement, maximum likelihood classification accuracy of 54.1% using Landsat 

TM alone improved to 74.6% with the addition of the ERS-1 images. A similar increase 
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in classification accuracy from 60.6% to 75.4% was noted for the 12 relative density 

classes plus desert pavement. It is not clear if or how the C-band SAR is sensing the more 

subtle vegetation patterns, but it is suspected that changes in vegetation phenology 

between the spring and summer images may play a role. In fact, since most of the 

vegetation at YPG is so sparse that vegetation differences cannot be sensed directly, the 

combination of certain terrain conditions may be the force controlling classification 

accuracy. Indeed, according to Shreve (1951) in the Sonoran Desert "For a situation of 

given altitude, physiographic character, and slope exposure, the composition of the 

vegetation may be predicted with great certainty." Therefore, each layer used in the 

classification helps elucidate and quantify combinations of conditions that control the 

vegetative character of the landscape. There is a constant gradation, however, in the 

vegetation composition of the landscape that affects the homogeneity of the training and 

testing plots. Therefore, even though the statement of Shreve (1951) may be correct, 

variations in the amount and compositional purity of plots within clusters may adversely 

affect classification. 

In both maximum likelihood and ANN classification, a combination of all image layers 

produced the highest classification accuracy. Contrary to most studies that demonstrate 

the superiority of ANN classification to maximum likelihood clsisslficatlon, the present 

study showed that maximum likelihood accuracy was in fact consistently higher than 

ANN classification accuracy. A field-based qualitative assessment of how some common 
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features at YPG were classified, however, showed that the ANN classification was 

similar or better that maximum likelihood classification, especially in the case of desert 

pavement. 

This research has shown a way in which LCTA Program data, collected on military 

installations across the United States, can be transformed into a vegetation classification 

system. This system, using methods of ordination and classification, can be used in any 

environment where systematic field vegetation data has been collected. A simple 

clustering algorithm combined with a CA or DCA analysis has been shown to concisely 

summarize the vegetation data into classes that can be compared to environmental 

variables and existing vegetation classification systems. One main advantage of the 

clustering algorithm is that it groups raw vegetation data into classes that can be used in 

remote sensing. The remote sensing analyses described in this dissertation have generated 

several conclusions that have implications for vegetation mapping in arid lands. Both 

relative cover and relative density classification schemes turned out to be useful for 

classifying Landsat TM, ERS-1 SAR, and elevation data. Since relative cover data 

emphasizes the cover aspect of vegetation, it may be considered a better classification 

system. Indeed, in this study the relative cover classification was able to isolate two 

classes of vegetation each dominated by a tree species and an additional mixed scrub 

riparian class. The relative density classification, though, was only able to isolate a single 

riparian mixed scrub class, which contained relatively few members. One advantage 
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discovered in the relative density classification, however, was its ability to form classes 

where important species that do not have significant cover, such as cacti, are present. The 

implication here is that a relative density classification might be warranted in a desert 

region if it is desirable to map such low-cover species. 

One of the main goals of this investigation was to evaluate satellite radar imagery for 

vegetation mapping. Although, ERS-1 SAR imagery alone was inferior to Landsat TM 

alone for vegetation classification, both ERS-1 imagery and SAR imagery together 

increased classification accuracy, implying that SAR imagery may be of use in 

circumventing the loss of classification accuracy due to the effects of desert soils in 

optical imagery. The addition of elevation, slope, and aspect layers to SAR or TM 

imagery alone or in combination also increased classification accuracy, implying that 

these layers should be added to a vegetation classification where available. The type of 

classification algorithm employed can also affect the vegetation classification accuracy. 

In general, contrary to many studies, the maximum likelihood classifier outperformed the 

artificial neural net classifier, in terms of numerical classification accuracy. However, a 

qualitative accuracy assessment of the classifications revezils that the ANN performed 

similarly or better than the maximum likelihood classifier. Further study is required to 

more fully address these differences, though the implication is that maximum likelihood 

classification may be adequate for vegetation classification of desert regions. Rule-based 

classification of the linear unmixed images in ENVI was generally not found to produce 
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good results, primarily because of the lack of purity of the image endmembers. Still, there 

is indication that classification would improve if sufficient "pure" endmembers could be 

obtained. However, given the gradation of vegetation across the environment, obtaining 

such endmembers may be difficult. More promising is the use of typical mixtures of 

species, such as creosote-bursage class in which creosote and bursage mix in similar 

ratios for all plots, as endmembers. 

Recommendations for Future Study and Additional Work 

The following are ways in which the present study could be extended or improved upon: 

Sampling 

1. The original plot allocation was based upon clustering of SPOT imagery. An 

unsupervised classification of Landsat TM could be carried out and core plots located 

similarly. However, because of the logistics required to allocate new plots in the field, 

the distribution of plots within SPOT clusters could be compared to plot distribution 

within Landsat TM clusters. This could be done by carrying out an unsupervised 

clustering of Landsat TM imagery to generate a set of up to 20 clusters. The 

appropriate number of core plots per cluster would then be allocated. Next, maximum 

likelihood and ANN classification could be performed. The distribution of these 

clusters to the clusters formed by SPOT clustering could be compared. Is the 

allocation of core plots using an unsupervised classification of SPOT clusters a 



procedure that adequately covers the landscape? Would a clustering procedure that 

makes use of the spectral resolution of Landsat TM be superior? Given the 

transitional nature of the landscape, would some kind of fuzzy clustering (e.g. fuzzy 

k-means clustering) be useful? 

2. Because of the sporadic, sparse vegetation distribution, a single transect may not 

adequately capture vegetation variation. A sampling procedure in which two or more 

parallel transects or transects that cross at right angles might be more appropriate. 

Ordination/Clustering 

1. The cluster, TWTNSPAN, and ordination analyses for all of YPG should be done and 

compared to the results from WYPG. 

2. Canonical correspondence analysis (CCA) might be used to further examine 

vegetation-environment relationships. 

Remote sensing/image analysis 

1. To carry out vegetation classification of all of YPG, the April 19 and June 28 radar 

scenes need to be rectified and mosaiced with April 3 and June 12 scenes. 

Classification of zdl of YPG can then be done using training data from all of YPG. 

Plots from WYPG might be used for training with plots from the eastern portion of 



254 

YPG being reserved for testing only. Classification results could then be compared to 

those from WYPG. 

2. To enhance the multi-temporal aspects of classification, an April, 1993 Landsat TM 

scene might be added to the database to complement the April, 1993 ERS-1 scene. 

Both WYPG and all of YPG could then be classified using both TM scenes as well as 

the April TM scene alone. Results could then be compared to those from the present 

study. 

3. Imagery from additional SAR sensor(s) of different wavelength and/or polarization 

could be added to the image database. Such imagery could potentially enhance 

different aspects of the landscape, including vegetation, and thus improve 

classification accuracy. SAR terrain correction could be carried out to improve the 

quality of the SAR images. This would also result in an improvement in the 

geometric registration with the Landsat TM imagery and increase the number of 

samples that could be used in classification. 

4. A fuzzy classification scheme could be developed using probability images from 

maximum likelihood classification and output activations from ANN classification. A 

program might be written in which the output pixel in the classified image can be: (i) 

unclassified, if the activations or probabilities of all class are less than a specified 
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threshold; (ii) a new mixed class if the activations of two or more classes are similar; 

or (iii) a single class if the given activation or probability of any class exceeds a 

classification threshold and is significantly higher than any other class. 

5. Different strategies for ANN classification need to be investigated, such as compound 

activation functions (Warner and Skank, 1997), alternatives to the gradient descent 

rule, and the use of different ANNs such as the fuzzy artmap network. Furthermore, 

experiments in which training patterns are fed into an ANN pixel by pixel should be 

carried out. 

6. Classes can be merged based upon a set of rules. The only classes that would be 

merged would be those that were selected for merging based upon cluster location on 

the ordination diagrams and the vegetation composition as seen in the sorted-by-

cluster relative cover and relative density matrices. For example, creosote mixed 

scrub(A) could merge with creosote mixed scrub(B) if the class activations or 

probabilities for these two classes are similar, but if the class activations or 

probabilities of white bursage and LATR-dwarf are similar, merging would not take 

place as these two classes are not close in ordination space. 

7. All ground samples could be examined using air photos, ground photos, and satellite 

imagery in conjimction with the vegetation matrices. This could be done to try and 
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extract the "purest" plots for use in classification or linear spectral unmixing. Use 

other plots in "mixture" classes 

In conclusion, this dissertation has described methods of mapping vegetation in arid 

environments using both field-based and remote sensing data. The results have shown 

that raw vegetation data can be successfully classified using multivariate techniques and 

extended to a regional area using methods of remote sensing classification. However, the 

results also demonstrate that there is still a significant amount of uncertainty involved in 

mapping desert vegetation and that much research into ways of improving this mapping 

needs to be done. 
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APPENDIX I: Distance Measures 

Applied to samples j and k, the equations for Euclidean distance (ED), percentage 
dissimilarity/distance/difference distance (PD), and city-block distance (CD) are (Pielou, 
1984): 

S 

Zmin(AijAJ 
PDjk = lA - PSjk where PSj^ = 200 x 

s 

2(Ai j+AJ  
/r=l 

200 Sr 
CD,k = IA-CCjk where CCk = ZCAij+AJ 

where PS is percentage similarity, CC is coefficient of community both similarity 
measures, and ED and j and k are stands, A^j and are the abundances of species / in 
stands j and k, and Sc is the number of species in common. Similar equations for species 
can be constructed by referring to j and k as species and / as stands (Gauch, 1982). 



APPENDIX II: RELATIVE COVER AT THREE HEIGHTS PLOTS-BV-SPECIES MATRIX (SORTED BY CLUSTER) -

ClassI :LATR-nis(A), Class2: LATR-ms(B). Note: CL = Class in Tables 3.4 to 3.7 
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APPENDIX II (CONTINUED) - Class?: riparian-ms, ClassS: ENI'A-ms, Class9: LATR 
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APPENDIX II (CONTINUED) - ClasslO: AMDU-ms{A), ClassI I: AMDU-ms(U), Classl2: AMDU 
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APPENDIX III: RELATIVE COVER AT TOP HEIGHT PLOTS-BY-SPECIES MATRIX (SORTED BY CLUSTER) -

Class); high cover LATR-ms, Class2; PAMI-ms, Class3; moderate cover LATR-ms 
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APPENDIX III (CONTINUED) - Class4: moderate-high covcr LATR-ms, Class5: palo vcrde - ms, Class6: moderate cover 
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2 5 2 9 82 112 f 6 

5 1 6 88 90 f 6 

2 1 4 93 28 f 6 

3 1 8 88 157 f 6 

Kl On 



APPENDIX III (CONTINUED) - Class?: low cover LATR-ms 

/ / / / / / / V^^ / /• / / / / / QV 
3 1 2 4 90 38 f 6 

3 3 2 92 26 f 6 

3 3 1 25 68 51 f 6 

3 3 2 92 158 f 6 

3 4 5 88 168 f 6 

3 3 1 6 90 49 f 6 

3 1 96 118 f 6 

3 28 69 131 f 6 

4 I 4 5 86 53 f 6 

6 3 2 89 19 f 6 

1 1 1 1 96 no B 7 

I 1 1 0 97 119 K 7 
1 3 % 46 g 7 

1 2 97 79 K 7 

1 1 3 95 80 g 7 

1 1 1 97 83 g 7 

1 5 94 111 g 7 

1 2 2 9S 82 g 7 

2 5 93 31 g 7 

2 8 90 33 g 7 

2 5 93 48 e 7 

2 2 9« 81 g 7 

2 1 4 93 87 g 7 

1 2 1 96 94 g 7 

2 7 91 117 g 7 

2 13 85 136 g 7 

2 IS M 165 g 7 

1 3 4 92 54 g 7 

6 3 1 5 91 61 g 7 

3 0 97 68 g 7 

3 4 93 74 g 7 

3 0 97 92 g 7 

3 10 m 130 g 7 



APPENDIX III (CONTINUED) - ClassS: ENFA-ms, Class9: OLTE-ms, Class 10: LATR-AMDU, Class 11: high cover AMDU-ms 

J I —95- 151 8 7 
3 12 85 155 B 7 

1 3 5 91 169 g 7 

1 4 95 77 B 7 

1 1 98 95 g 7 

1 14 8S 161 g 7 

1 1 98 7 8 7 

1 1 1 1 2 94 67 g 7 

1 3 2 94 114 g 7 

1 B 2 1 10 78 I4b n 8 

2 12 2 2 3 0 79 12 h 8 

7 0 93 II h 8 

4 i I Z lU HO 27 1 y 

1 2 3 30 64 99 1 9 

4 1 2 3 9 75 42 1 9 

1 5 1 4 1 2 86 18 i 9 

1 5 36 S8 156 i 9 

2 2 5 3 7 81 23 i 9 

1 1 2 9 4 3 80 72 1 9 

2 9 0 89 103 i 9 

-r 1 1 3S bl J III 
1 89 10 138 J 10 

1 46 53 141 J 10 

1 S8 41 147 J 10 

2 41 58 162 J 10 

4 3 69 24 122 J 10 

2 4 69 26 159 J 10 

8 I 4 87 0 4 J 10 

2 6 1 7 1 80 3 8 J 10 

4 9 87 0 163 J 10 

2 1 80 17 125 J 10 

I J J I J 81 K II 

8 1 2 4 2 7 76 IS K II 

8 1 6 5 81 41 K II 

8 1 II 0 80 71 K II 

10 I 3 28 58 9 K 11 

li 3 2 2 4 73 5 10 K II 

II 9 1 28 SI S K 11 

13 1 I 4 6 39 36 6 K II 



APPENDIX IV: RELATIVE DENSITY AT THREE HEIGHTS PLOTS-BY-SPECIES MATRIX (SORTED BY CLUSTER) - Class I: OPDI-ENFA-LATR, 

Class2: ENFA-ms(A), Class3: ENFA-ms(B) 

/////>/////// ///V! yp yp yp ^ ^ ^ sT sT sT V >7 V ^ o* o* o* o* o* o* o* 
0 46 1 0 1 3 1 2 2 0 2 0 28 2 5 0 0 67 a 1 

0 42 5 7 6 0 31 0 0 0 66 a 1 

3 28 3 ] 3 ID 1 32 1 14 1 40 • 1 

2 33 1 1 1 8 6 0 36 3 0 65 a 1 

7 7 0 0 4 1 4 6 \ 59 3 4 2 a 1 

19 13 65 3 7 a 1 

10 34 1 1 5 1 166 b 2 

2 2 10 24 12 37 5 2 2 42 b 2 

7 37 14 1 19 11 1 2 2 1 86 b 2 

3 39 23 23 3 3 3 3 116 b 2 

28 40 0 0 3 1 2 5 9 1 0 1 0 1 12 b 2 

9 5 5 41 1 10 24 1 4 120 b 2 

34 43 0 1 5 3 2 7 1 0 2 56 b 2 

19 44 2 2 3 1 3 1 1 1 5 1 9 1 1 1 2 b 2 

I 1 46 3 2 1 1 I 1 1 3 63 b 2 

23 47 4 6 5 ID 1 4 131 b 2 

II 47 3 16 13 3 3 3 3 104 b 2 

15 15 48 4 7 7 4 109 b 2 

28 49 2 9 4 4 2 2 133 b 2 

6 49 2 5 2 21 2 2 2 105 b 2 

20 SO 7 17 2 2 95 b 2 

7 50 2 2 21 2 13 4 134 b 2 

7 51 3 5 12 5 2 135 b 2 

18 54 2 1 1 I 3 13 6 1 17 b 2 

33 54 1 2 1 5 1 145 b 2 

57 14 14 88 b 2 

15 59 5 20 2 115 b 2 

19 63 1 6 9 90 b 2 

IB 63 1 1 1 1 1 4 7 3 1 1 132 b 2 

19 66 5 9 1 129 b 2 

1 2 6 62 2 2 10 3 3 1 5 2 J 1 121 c 3 

12 71 3 2 6 2 2 100 c 3 

72 0 0 1 10 10 3 1 1 1 11 c 3 

10 73 0 4 5 0 3 0 4 150 c 3 

3 4 74 1 1 2 7 I 1 1 1 113 c 3 

11 76 2 2 5 2 3 94 c 3 

5 76 0 2 1 3 0 0 0 0 0 142 c 3 

12 77 3 1 3 1 1 146 c 3 

1 1 78 1 1 3 13 1 1 89 c 3 

6 78 II 6 153 c 3 

78 1 1 2 13 3 1 1 149 c 3 

6 86 0 1 1 3 0 1 140 c 3 

1 1 90 3 2 3 1 112 c 3 



APPENDIX IV (CONTINUED) - Class4; AMDU(LATR)-ms. ClassS; AMDU-OI'BI-LA I R-ms 

22 5 12 20 22 2 3 6 2 27 D 4 

3) 27 3 8 14 5 3 2 2 3 43 D 4 

35 6 4 3 6 3 22 16 2 3 16 D 4 

35 9 II 9 II 7 2 14 2 2 20 D 4 

38 9 2 16 17 B 6 168 D 4 

39 44 1 7 2 0 4 0 0 8 D 4 

39 IB 14 18 7 4 119 D 4 

40 10 10 10 20 10 77 D 4 

42 2 5 14 2 2 2 25 2 BO D 4 

44 20 16 II 9 82 D 4 

45 14 1 3 6 2 1 5 2 8 1 I 3 5 3 D 4 

45 8 15 17 2 2 B 2 93 D 4 

4B 24 4 22 71 D 4 

50 5 25 IS 5 87 D 4 

51 34 4 5 1 2 107 D 4 

51 1 3 3 4 17 3 4 10 1 53 D 4 

51 27 9 1 3 1 4 no D 4 

53 2 13 9 13 1 1 1 3 1 1 62 D 4 

53 9 3 3 6 3 2 1 8 9 1 21 D 4 

55 1 29 3 4 4 1 1 157 D 4 

56 \ 1 4 7 2 12 6 4 4 1 15 D 4 

57 13 11 2 2 8 2 1 IB D 4 

57 I IB 16 7 47 D 4 

5B 4 7 13 8 B 1 1 39 D 4 

59 2 1 1 15 8 1 1 1 5 3 1 55 D 4 

59 4 7 22 7 161 D 4 

61 29 4 1 1 41 D 4 

62 1 9 17 3 5 1 38 D 4 

63 25 13 160 D 4 

21 7 21 16 1 12 18 1 1 4B R 5 

23 6 17 23 3 3 14 9 3 68 E 5 

26 9 3 3 0 9 S 15 8 6 0 9 1 37 e 5 

2S 7 2 I 4 5 19 29 2 1 58 E 5 

29 1 1 7 II 16 29 1 2 169 E 5 

30 15 1 3 12 10 1 3 5 1 9 3 1 13 C 5 

33 15 7 B 1 16 2 1 14 1 1 45 E 5 

35 3 16 16 19 3 3 118 E 5 

31 19 1 42 46 E 5 

51 2 ! 1 2 5 2 1 26 1 6 51 e 5 

N) 
0\ 
-J 



APPENDIX IV (CONTINDED) - Class6: AMDU-ms, Class?; LA rR-ms(A). ClassS: OI'UN T-LATR-ms 

(̂y yT »<i> ^<c> / / ..O  ̂ / v'- y-̂  y-̂  o'̂  O  ̂ d" o" d* 0» o'' o' o" (? C? A*- Q-" 

38 1 1 6 9 2 1 7 I 1 1 26 F 6 

66 ID 1 2 1 2 4 1 3 1 5 1 19 F 6 

67 21 0 3 I 3 0 5 r 6 

68 1 3 8 3 10 \ 4 F 6 

69 7 1 I 2 6 2 1 1 1 8 1 1 50 F 6 

0 70 7 0 5 0 6 10 1 9 F 6 

71 2 4 2 S 6 2 125 F 6 

71 9 0 4 0 3 0 11 1 0 6 F 6 

76 13 I 3 3 1 0 10 F 6 

76 7 11 4 2 158 F 6 

79 9 9 3 60 F 6 

81 5 10 5 162 F 6 

82 7 2 3 2 3 1 49 F 6 

86 I 1 3 8 122 F 6 

94 1 5 163 F 6 

100 152 F 6 

14 32 I 3 4 7 13 4 II 1 10 1 57 S 7 

4 34 5 2 8 19 2 7 4 11 1 69 B 7 

22 24 5 6 1 3 23 2 5 7 34 B 7 

20 14 I 6 3 13 23 1 10 61 B 7 

52 16 32 159 B 7 

37 

33 

2 7 13 

M 

33 

33 
2 2 2 

22 

2 14 

74 
B 

B 

7 

7 

23 24 10 36 1 1 1 143 B 7 

It 28 22 39 154 B 7 

23 17 40 6 3 3 3 32 B 7 

22 20 4 41 7 2 97 B 7 

27 13 60 31 B 7 

3 1 24 15 2 33 2 11 1 30 B2 8 

12 13 1 2 10 18 1 13 11 15 84 fi2 8 

6 13 1 2 7 6 3 2 3 3 2 1 9 17 3 1 1 1 64 B2 8 

6 1 

8 

3 3 1 

3 

29 

9 

7 

IB 4 

26 

5 

3 18 

23 1 1 

44 

76 

B2 

B2 

8 

8 

1 6 3 2 7 14 12 2 2 23 25 1 54 B 

8 4 4 

2 

2 12 

25 

22 

23 2 

16 

4 4 

26 

30 

4 

2 

73 

75 

B2 

B2 

8 

8 

9 

II II II 

3 26 8 

II II 

1 5 44 

44 

1 52 

124 

B2 

|2 

B 

8 

K> 

00 



APPENDIX IV (CONTINUED) - Class9: LATR-ms(B), ClasslO: ripnrian-ms, Class! I: l.ATR-AMDU, Clnssl2: LAIR 

 ̂  ̂  ̂  ̂  ̂̂   ̂ ^o' ^0 ^o î><r  ̂  ̂ o  ̂ & & d* d* <y <y <? o" o  ̂ ,,t-  ̂^v 

i7 31 31 " B 8 « 83 h 9 15 31 31 8 8 8 83 h 9 

2 8 2 30 34 2 8 8 6 130 h 9 

7 5 45 36 5 2 70 h 9 

10 10 30 40 10 117 h 9 

24 41 3 16 8 8 78 h 9 

38 46 IS 165 h 9 

4 4 32 48 4 4 4 81 h 9 

40 53 3 108 h 9 

32 54 10 5 85 h 9 

8 38 54 96 h 9 

25 75 141 h 9 

1 5 6 6 5 S 1 1 12 6 2 34 6 1 1 4 35 10 

} 9 6 31 13 6 6 3 9 9 24 10 

13 6 3 3 16 19 6 6 3 3 13 3 23 10 

II 16 5 21 16 11 II 5 101 10 

17 17 25 33 8 164 10 

3 7 

17 

17 7 45 17 3 10) 10 

8 9 I 2S 3 3 13 26 1 3 59 10 

26 26 4 9 17 2 11 6 72 10 

4 32 12 7 13 19 4 1 102 10 

50 38 
6 6 114 10 

3 52 7 17 10 3 3 3 91 10 

11 68 4 4 4 2 2 1 1 1 22 10 

} 84 I 1 2 2 1 99 (0 

14 29 14 43 36 11 

20 2 35 6 16 2 10 6 2 28 II 

18 38 13 4 9 18 2 79 II 

43 43 14 155 11 

25 SO 25 29 11 

SO 50 148 11 

24 4 52 16 4 111 II 

23 7 53 12 2 2 33 11 

39 55 3 3 25 II 
39 

14 57 14 14 144 K 12 

6 

14 
58 32 3 98 K 12 

58 33 8 139 K 12 

59 41 92 K 12 

II 68 16 138 K 12 

75 8 8 8 167 K 12 

80 20 151 K 12 

4 96 147 K 12 

K) 
0\ 
NO 



APPENDIX V: RELATIVE COVER TWINSPAN CLASSES - Dominance of spccius in TWINSPAN classcs docs not appear as clear-cut 

as in the relative clustering results (table 3.1) see text for discussion. 

i i / / / f  i  f  I ' < f  i e i i / / / ^ i '  J  / / / /  J ? P / / /  

n n 5r-j!!—s o 11 II iT- TT IT "T 0 1 

56 35 4 6 5 0 1 

33 2 8 5 6 6 20 6 0 1 

40 2 9 2 13 4 6 2 23 10 0 1 

3) 3 16 
21 

3 6 22 
11 

16 
63 

16 
32 

0 1 
0 1 

57 43 49 0 1 

17 22 
13 13 25 

17 

5 
18 

6 

21 
13 

6 
25 13 

16 
8 

11 
13 
21 
13 

22 

37 
47 

63 

67 
100 
loe 

0 1 

0 1 
0 1 

0 1 

13 8 5 3 13 16 39 116 0 1 

30 3 7 10 23 27 132 0 1 

5 14 19 38 19 135 0 1 

6 12 6 2 IS 25 4 2 6 2 12 6 142 0 1 

4B 4 9 
100 
91 9 

4 \S 11 3 
7 

11 

P 2 
P 2 
P 2 

7 4) II 2 5 2 2 23 12 P 2 

52 2 4 15 13 6 2 4 4 15 P 2 

48 5 2 7 14 5 7 7 21 P 2 

80 10 to 28 P 2 

14 10 43 10 19 40 P 2 

45 2 7 3 10 21 12 41 P 2 

64 27 9 50 P 2 

50 29 7 14 56 P 2 

I I  23 9 9 14 18 5 57 P 2 

33 27 7 20 7 7 56 P 2 

100 77 P 2 

2 50 

65 12 12 

50 

12 

63 
90 

P 2 
P 2 

too 95 P 2 

7 27 17 12 29 5 2 105 P 2 

54 31 IS 107 P 2 

67 17 17 110 P 2 

21 6 II 39 17 112 P 2 

100 116 P 2 

25 25 50 119 P 2 

67 7 27 145 P 2 

II 3 54 30 3 146 P 2 

100 161 P 2 

5 31 18 10 18 18 166 P 2 

to •>1 o 



APPENDIX V (CONTINUED) 

£f S  ̂3 

(-> O 0 ^ ^ ^ ii-' ^ i? ••^ /•^ O' O' ,0' 
,"i 

^0 i? ? 5" S' V V 
^ •Sr 47 ii' t' r C- C* r <: 
< ,V ,V .T ^ <9 ^ ^ C) 

T J J " o o o o o o ( j o o o « :  ̂  ̂  < 5.- iT .C f f f  ̂-»  ̂  ̂  ̂fl> 

C ^ 
,v 

6^/ 
;C ' 

I I  ) )  67 II 30 q 3 

67 IJ 33 q 1 

4 II 7 15 4) 19 4 37 q 3 

50 13 1) 6 44 q 1 

40 40 20 46 q 3 

too 46 q 3 

8 85 S 52 q 1 

20 20 M 54 q 4 

4) 14 29 14 61 q 4 

7 11 20 13 13 13 65 q 4 

100 60 q 4 

4 58 )3 4 69 q 4 

90 10 70 q 4 

75 25 74 q 4 

69 11 78 q 4 

100 79 q 4 

75 25 BO q 5 

100 ei q 5 

70 10 65 q 5 

J 100 92 q 5 

100 U\ q 5 

100 147 q 5 

71 8 1) 8 4 q 5 

18 9 45 9 9 9 13 q 5 

4t> 31 21 38 q 5 

25 15 5 5 20 25 5 39 q 4 

47 Id J2 5 53 q 3 

22 59 19 55 q 5 

fl 2) )l 38 62 r 6 

42 5 37 5 11 G6 f 6 

38 38 25 94 f 6 

29 43 29 169 f 6 

8 17 46 29 1 1 6 

27 24 ) ) 14 22 3 5 6 • 6 

61 10 1) 10 9 • 6 ts) 



APPENDIX V (CONTINUED) 

.0' ^ ^ •C' C ^ ^ ,'v /s I'C O O O ^ '. '.* •*** 
(j 0 0 -5^ < ^ ^ ,-?• .-e- ,o ,0' 0 . 

•!> •'? 
/ -s rv 

T T T •»»' v.' •N.' 

."N /\ />> 

^ ^ 
V - . -  d(5"<5 '<§ ' (S"^(§ ' (S ' (S"(§ '5 r i '  

0' c ^ ^ ^ 4r "J 0 
jT 4.' 

ip c 
 ̂ 0 

27 IS 27 27 17 7 

67 27 7 19 7 

2^ iO 25 20 7 

1) 6 h 44 )t 34 7 

)1 i 14 24 19 5 43 7 

22 )•> 17 6 11 6 45 7 

l\ 54 » 8 47 7 

21 26 16 II 16 5 5 51 7 

50 SO 73 7 

20 60 20 62 7 

24 40 20 8 8 93 7 

4 7 61 25 4 97 8 

50 50 117 8 

4S 12 21 122 8 

20 20 40 20 129 8 

60 40 130 8 

69 )l 131 8 

17 22 22 22 17 140 8 

50 50 153 8 

8] 17 157 8 

)8 } |  11 156 8 

44 22 n 159 8 

11 67 162 1 

)b 16 29 168 8 

62 )l B 26 1 

100 3t 8 

!•) 6 20 11 4 71 8 

7 21 16 7 29 75 9 

2 20 16 16 S 12 8 04 9 

50 50 67 9 

1 14 29 54 91 9 

22 67 II 96 9 

20 10 96 9 

10 21 14 24 28 J 102 9 

21 14 2 2 5 19 23 9 5 113 9 

12 12 7 16 1 27 M 4 120 9 

Kl 

la 



APPENDIX V (CONTINUED) 

T V V V T V « 
S' s ,s *4 S, <s 

5r ^ 
<? ^ <J (5 

J? 1? •if V • J J 
 ̂  ̂ S- S'  ̂ H i , - ?  

c> o 
T ,T ^ ' ^ ^ 5 5 C'' C' ^ ^ ^ 

• - • y V o a a o o a a a <y a c <C 
50 40 10 134 T 10 

100 taa T 10 

100 141 T 10 

21 17 58 4 149 T 10 

12 12 Jl 38 4 4 150 T ID 

50 25 25 155 T 10 

16 11 44 9 163 T 10 

20 60 20 165 T 10 

11 2 18 25 9 5 30 14 U 10 

17 17 8 II 47 24 U 10 

8 24 17 25 25 27 u n 

12 27 4 8 4 12 4 31 64 u II 
| ]  11 50 6 76 u II 

II 17 u 4 2 2 52 86 u II 
n 20 24 16 4 4 69 u 11 

7 21 21 7 7 29 109 u II 
A 18 4 67 143 u n 

16 12 4 8 a 28 4 16 V 11 

2 9 2 6 19 1 2 42 22 V II 
8 4 4 52 32 23 V II 

g 21 7 1) 18 10 2 3 35 V II 
6 12 IS 8 6 2 12 12 17 42 V II 

n S 2 16 23 6 2 6 23 59 V II 

2 4 9 9 38 M 24 72 V n 

10 20 20 45 99 V u 

24 24 4 10 14 2 20 101 V II 

20 3 3 74 103 V 12 
17 H 8 61 114 V 12 

1 16 8 II M 5 2 8 8 1 1 121 V 12 

n 8) 125 V 12 

ls> 
*v| 
UJ 



AI'PKNDIX M; 
SHANNON INDKX 

Shannon Index of diversity. Plots have been ordered according to relative cover cliLsses. Higher Shantion Index nuinbcrs reveal more diverse environ-

menis (i.e. greater number of species AND greater niimbers of individuals). The Shannon Index gives additional information concerning the nature of 

the environment. For example, both plot 2 and plot 112 arc brittlebiish (F.NFA) mixed scrub in the relative cover cla.ssificalion and while hursagc 

(AMI)U) mixed scrub in the relative density classification. However, plot 2 has a relatively high index of 1.81, whereas plol 112 has a low index ofO.3. 

V 

/ 1 : 1
%

 

/ / / / 

%
 

95 1.26 46 AMDU F.NrA-nis(a) 40 1.60 116 l;NFA-ms oi'I)i/i;nfa 163 0.23 209 I.ATR(a) AMDU-ms 

77 1.47 10 AMDU AMDU/(I,ATR) 12 1.81 393 RNFA-nis l-NFA-ms(a) 34 1 81 105 LATR(a) LATR-m.s(a) 

161 0.99 27 AMDU AMDU/(I.ATR) 63 1.86 182 FNFA-ms l;NFA-ms(a) 73 1.60 50 LAIK(a) opunivi.aik 
118 1.54 37 AMDl) AMJll W!*B!1-ATR 90 0.97 99 F.NFA-ms F.NFA-ms(a) 76 1.89 74 LArR(a) 0PUNT/I.A1R 

2 " 1 81 108 AMDU(a) l-.NI'A-ms(a) 105 1.42 63 liNFA-ms F,NFA-ms(a) 117 0.64 10 LAIK(a) LATR-ms 

56 1 65 208 AMI)U(a) F.NFA-ms(a) 120 1 34 82 F.NFA-ms liNFA-ms(a) 155 0.68 7 LArR(a) LAIH/AMDU 

132 1.20 136 AMDU(a) l'NFA-ms(a) 166 1.53 125 F.NFA-ms FNFA-ms(a) 80 1.48 64 LA1H(b) AMDU/(LATR) 

112 0,30 179 AMl)U(a) liNFA-ms(b) ii 0.98 235 F.NFA-ms F.NFA-ms(b) 69 1.81 95 LATR(b) l.ATR-ms(a) 

16 1 68 104 AMDlJ(a) AMI)U/(I.ATR) 140 0.59 295 FNFA-nis l!NFA-ms(b) 74 1.06 45 LATR(b) I.AlKmsia) 

107 1.13 114 AMI)U(a) AMI>U/(I.ATR) 142 0,88 503 FNFA-ms ivNI"A-ms(b) 97 1.41 54 LArR(b) LATR-ms(a) 

no 1.43 70 AMI)U(a) AMI)IJ/(I.AIR) 146 073 117 HNFA-nis F.NFA-ms(b) 30 1.51 100 LArR(b) OPUNT/I.AIK 

58 1.61 177 AMI)U(a) AMI)U/OI'm/l.AIH 57 1 89 i i i  i;NFA-ms I.ATR-ms(a) 44 1.67 89 LATR(b) OPUNITl.AIR 

10 087 369 AMDlJ(a) AMDU-ms 84 1.93 82 FNFA-ms OPUNT/I.AIH 54 1.68 97 LAm(b) 0PUNT/1.A1R 

50 1.21 162 AMDU(a) AMDU-ms 83 1.18 13 FNFA-ms I.ATR-ms 78 1.08 37 LATR(b) LAIK-ms 

131 * 1.47 106 AMDlJ(b) F.NI'A-ms(a) 102 163 68 l;NFA-ms mixed scrub 85 051 41 LAIKih) LATR-ms 

145 1.18 134 AMDlJ(b) l:NI*A-ms(a) 7 085 31 liNFA-ms ()|'BI/i;nfa 130 1.20 50 LA'IKlb) I.ATR-ms 

15 1.47 108 AMDl](b) AMDIJ/(1.A1R) 149 0.72 185 l.ATR F.NFA-ms(b) 33 1.12 43 LATR(b) LATRyAMDU 

21 1.52 116 AMDU(h) AMDlJ/(I.An<) 87 1,14 20 I.ATR AMDU/(I.Are) 65 1.60 292 LATK(e) OPBI/l'NFA 

38 1 16 100 AMDU(b) AMDU/(l.AIR) 162 0,59 21 i.am AMDU-ms 20 1.76 57 LATR(c) AMDU/(LATO) 

41 0,96 99 AMI)U(b) AMDU/(I.ATR) 31 0.58 15 I.AIR I.ATR-ms(a) 47 0.94 68 LATR(c) AMDU/(I.An<) 

53 1.48 154 AMnU(b) AMnU/(l.ArR) 96 0,27 13 l.ATR LATR-ms 82 1.25 45 I.ATR(c) AMDU/(LAn<) 

157 1.12 69 AMDlJ(b) AMDU/d.AIR) 141 0,00 8 I.AIK I.ATR-ms 93 1.37 53 LATR(c) AMDU/(I.ATO) 

4 Ml 154 AMDU(b) AMDU-ms 165 043 13 l-AIH I.ATO-ms 119 1.45 28 LATR(c) AMDU/(LATR) 

5 I.OI 296 AMI)U(b) AMDU-ms 98 038 31 LATR LAIR 13 1.97 151 LATR(c) AMDU/0PBI/I.A1R 

6 1.17 352 AMI)lJ(h) AMDU-ms 138 0,34 19 I.AIR LATR 45 1.71 138 LATR(c) AMDU/OPBI/I.AIH 

9 1.06 272 AMDU(b) AMDU-ms 1 ' 1.43 254 I.ATR(a) OPBI/F.NFA 46 1.06 84 LATR(c) AMDU/OPBI/l.ATR 

19 1.33 113 AMDU(b) AMDU-ms 134 1.33 56 I.ArR(a) l;NFA-ms(a) 61 1.76 70 l.ATR(c) LATR-ms(a) 

26 1,37 117 AMI)U(b) AMDU-ms 150 0.96 240 I.ATR(a) l;NFA-ms(b) 75 1.32 81 LATR(c) 0PUNI7LA1K 

49 0.88 106 AMI)U(b) AMDU-ms 153 0.76 18 I.ArR(a) liNFA-ms(b) 48 1.68 73 LA1H(d\varO AMDU/OPBIA.ATR 

28 1.52 49 AMDU{b) I.AIR/AMDU 37 2.01 201 l.ATR(a) MDU/OPHIA.A! 68 1.60 35 LATR(dwarO AMDU/0PBI/1.A1* 



API'KNDIX VI; 
SHANNON INDKX (( ONTINHKD) 

52 1.37 146 I.ATR(d\varO OI'UNT/l.ATR 

70 064 44 I.ATR((lwarf) l-ATR-ins 

81 0.82 25 I.ArR(dwarl) l.ATR-ms 

79 1.37 56 I.ATR(dwarO l.ATR/AMDU 

III 0.86 25 I.ATR(dwarO l.ATR/AMDU 

92 000 27 I.ATR(d\varO l.ATR 

147 0.17 25 l,ATR(dwarO I.AIR 

17 1.32 114 I.AIR/AMDIJ l:NrA-in5(a) 

129 0.88 85 I.ATR/AMDl) l;NrA-ms(a) 

8 1,24 344 I.ATR/AMDII ANtDU/(I.ATR) 

39 1.24 103 LATR/AMOIJ AMDU/(I.ATR) 

43 1.46 66 l.ATR/AMDU AM1)U/(1.ATR) 

71 I.U 147 l.ATR/AMDV) AMOU/IIAIK) 

168 1.56 89 lAIH/AMIMJ AMDU/(LATR) 

51 0.38 158 l.ATR/AMDU AMDU/OPI)IA.ATR 

122 I.IO 78 I.AIWAMDIJ AMDU-ms 

158 0.76 46 I.ATR/AMDIJ AMDU-nis 

159 0.69 62 l.ATR/AMDU I.ATR-ms(a) 

66 1.44 204 l.ATR-ni.s(l)) OI'DI/UNFA 

94 0.91 66 LATR-ms(n) F.NFA-ms(b) 

55 1.30 198 l.ArRnis(H) AMDU/(I.ATR) 

62 1.36 91 l.ATR-ms(H) AMDU/(l.ATR) 

169 1.49 85 l.ATR-ms(B) AMDU/OI'BIA-ATR 

18 1.25 89 Ol.TK-ms AMDU/(l.ATR) 

27 1.74 65 Ol.TEms AMI)U/(l.ATR) 

23 1.73 32 ()l.n--ms mixed scnib 

/ / / / 
24 1 53 32 OI.Ti;-ms mixed scmb 114 0'46 16 mixed scmb mixed scmb 

72 1.50 47 OLTl'-ms mixed scrub 88" 1 15 7 NOCOVFR FNFA-ms(a) 

99 0.71 138 Ol.TI;-nis mixed scmb 104 1.39 38 NOCOVF.R i;NFA-ms(a) 
103 0.94 29 ()I.ri;-ms mixed scmb 115 1.03 41 NOCOVFR i;NFA-ms(a) 

109 1.38 27 " I'AMI ms" F,NFA-ms(a) 133 1 39 47 NO COVFR i;NFA-ms(a) 

116 1.34 31 PAMI-ms FNFA-ms(a) 160 066 8 NO COVKR AMDU/(l.ATR) 

135 1.40 59 I'AMI-nis i;NFA-ms(a) 60 0,72 34 NO COVF.R AMDU-ms 

100 1 05 100 I'AMI-ms F.NFA-ms(b) 152 0.00 3 NO COVFR AMDU-ms 

3 1 85 111 I'AMI-ms AMDU/(I.A1R) 154 090 18 NO COVFR t.ATR-ms(a) 

14 1.23 46 PAMI-ms I.ATR-ms(a) 124 1.06 9 NOCOVF.R OPUNIA.AIR 

32 1.29 35 I'AMI-nis I.ATR-ms(a) 164 1.52 12 NOCOVFR mixed scmb 

143 1.17 78 I'AMI-ms I.ATR-ms(a) 25 0.91 33 NOCOVFR l.ATR/AMDU 

64 2.42 144 I'AMI-ms OPl INT/I. ATR 29 1.04 4 NOCOVFR l.AIH/AMDU 

108 0.15 30 PAMI-ms l.ATR-ms 36 1.00 7 NOCOVFR l.ATR/AMDU 

22 0.96 93 PAMI-ms mixed scmb 148 069 2 NOCOVFR l.ATR/AMDU 

101 1.58 19 PAMI-ms mixed scmb 139 0.00 12 NOCOVFR l-AIR 
67 1 59 447 mixed scrub ()PHI/|;NFA 144 0.41 7 NO COVFR LA1H 

42 1.46 41 mixed scmb l:NFA-ms(a) 151 0.00 20 NOCOVFR I.AIK 

86 1.61 83 mi.xed scrub FNFA-ms(a) 167 0.57 12 NOCOVFR LAIR 

89 0.80 103 mi.xed scrub liNFA-ms(b) 

113 1.00 168 mixed scrub F.NFA-ms(b) 

121 1.29 154 mixed scrub l-NFA-ms(b) 

125 1 04 82 mixed scrub AMDU-ms 

35 1.80 95 mixed scrub mixed scmb 

59 1.62 91 mixed scrub mixed scmb 

91 1.39 29 mixed scmb mixed scmb 
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APPENDIX VII: Typical Relative Cover Plot Photos 
Photos were taken by LCTA field crews in the spring of 1993, except where noted. Photos 
were scanned in the fall of 1999 by author. 

Creosote-ms(A); plot 130 (above). 

Creosote-ms(B): plot 45 
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Creosote-bursage: plot 17 
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Creosote - dwarf: plot 147 (above) 

Palo verde-ms: plot 143 



Ironwood-ms: plot 27 (above) 

Riparian mixed scrub: plot 121 (with brittlebush) 



Brittlebush - ms: plot 90 
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Creosote: plot 98 (above) 

Creosote: plot 141 (taken in 1998 field season) 



White bursage-ms(A); plot 110 on the leA and plot 112 on the right. While bursage appears as small light-toned clumps in plot. Some small 

creosote bushes are in the foreground. In plot 112 the low, light-toned bushes arc white bursage. The low, darker bushes are mostly brittlebush. 



283 

White bursage-ms(B): plot 5 



White bursage-ms(B); plot 157 (taken in 1998 field season, above) 

White bursage: plot 161. Note the relative abundance of creosote which has not been 
sampled along the line transect. 
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APPENDIX VIII: Typical Relative Density Plot Photos 
Photos were taken by LCTA field crews in the spring of 1993. 
Photos were scanned in the fall of 1999 at Yuma Proving Ground by author. 

Teddy bear cholla-brittlebush-mixed scrub; Plot 1. 



Brittlebush-mixed scrub (A): plot63. 



Brittlebush-mixed scrub (B): plot 121. 
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White bursage (creososte) - mixed scrub: plot 157. 

White bursage-teddy bear cholla-creosote mixed scrub: plot 45. 
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White bursage-mixed scrub; plot 5. 



Creosote-mixed scrub (A): plot 14. 

Opuntia species - LATR - mixed scrub: plot 44. 



Creosote-mixed scrub (B); plot 14! 

Riparian-mixed scrub: plot 114 



Creosote - bursage - mixed scrub: plot 28. 

Creosote: plot 98. 
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