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ABSTRACf 

A rule-based classification model was developed to derive land-cover information 

from a large set of hyper-temporal, multi-spectral satellite imagery encompassing the state 

of Arizona. The model uses Advanced Very High Resolution Radiometer (A VHRR) 

imagery and the 3D-minute digital elevation model (OEM) from the EROS Data Center 

(EOC) Contenninous U.S. AVHRR Biweekly Composites. Sixty one images from 1990, 

1991 and 1992 were analyzed using the Brown & Lowe (1973) Natural vegetative 

Communities of Arizona map to identify temporal patterns of Normalized Difference 

Vegetation Index (NOVI) and thermal measurements for 13 land-cover classes. Fifteen 

characteristic layers were created to represent the spectral, thermal and temporal 

properties of the data set. These layers were inputs for the rule-based classification model. 

The model was run on three years of data, creating three single year land-cover maps. 

The modeling effort showed that NOVI, thermal and OEM characteristics are useful for 

discerning land-cover classes. The single year land-cover maps showed that the rule

based model could not detect land-cover change between years. The single year maps 

were combined to create a summary land-cover map. This map differs from the Brown 

and Lowe map in the shape, proportional size and spatial distribution of land-cover 

polygons. The rule-based model can discern more land-cover classes than spectral cluster 

classification. Ground observations and aerial video were used to assess map accuracy. 

The same proportion of agreement was observed between the ground observations, the 

Brown and Lowe map, and the summary land-cover map. Agreement was higher 
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between video and the summary map than between video and the Brown and Lowe map. 

With further refmements to the input data set, classification model rules and field accuracy 

assessment, higher levels of agreement can be expected. Overall results show that 

rule-based classification of hyper-temporal, multi-spectral satellite imagery is a desirable 

method for mapping global land-cover. 
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1. INTRODUCfION 

1 .1 Problem Statement 

Mapping the world's land-cover is a traditional geographic pursuit which has 

gained new significance in the context of global change research. It is expected that 

anthropogenic emissions of carbon dioxide, methane, chloroflorocarbons and nitrous oxide 

will enhance the earth's natural greenhouse effect, causing changes in global climatic 

patterns (Houghton et al., 1990). Land-cover change is both a source and a symptom of 

global change. Conversion of forest to permanent agriculture and pasture, for example, 

has been identified as a significant source of carbon dioxide emissions (Detwile" and Hall, 

1988). Researchers predict that there will be significant shifts in the spatial distribution of 

ecosystems as plant and animal communities respond to increased temperatures, carbon 

dioxide concentration and changes in precipitation (Melillo et al., 1990). As a result, 

global change research requires accurate and timely maps of current land-cover. 

Currently, there is no comprehensive, reliable inventory of the world's 

environments (Townshend et al., 1991). The spatial resolution of most existing land

cover data sets is on the order of several hundred kilometers and their accuracy is 

unknown (Cubasch and Cess, 1990; Dickinson, 1989). Nonetheless, predictive models 

used in global change research require global land-cover information as an input for 

estimating atmospheric fluxes. In addition, baseline data are needed to monitor the extent 

of future land-cover changes. 
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Remote sensing offers a means for creating global land-cover maps. One remote 

sensing system, the Advanced Very High Resolution Radiometer (A VHRR) has been 

employed extensively for mapping and monitoring global land cover. The A VHRR 

sensors, carried aboard the National Oceanic and Atmospheric Administration (NOAA) 

satellites, collect global data at a nominal spatial resolution of 1 km on a daily basis. 

Future remote sensing systems associated with the Earth Observing System (EOS) will 

yield imagery with higher spatial, spectral and temporal resolutions than existing systems, 

producing an even greater volume of information. As a result, there is a need to develop 

land-cover mapping methods which can exploit the full range of the spectral, spatial and 

temporal characteristics of remote sensing imagery. 

Traditional image interpretation methods cannot fully exploit the complex 

relationships present in large remote sensing data sets. Artificially intelligent (AI) 

information fusion systems, which interpret remote sensing imagery on the basis of a 

priori knowledge, may provide a tool for doing so. AI is in its infancy and truly intelligent 

systems will require advancements in hardware and software. Nonetheless, the basis for 

intelligent remote sensing and Geographic Information Systems (GIS) is underway on 

today's computer systems. 

1.2 Objectives 

The objectives of this study are to examine temporal patterns within the A VHRR 

data set, exploit these patterns with a rule-based model to classify land-cover and 

investigate aerial video as a means to assess the accuracy of the resulting map. 
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Characterizing the temporal patterns in the spectral and thermal imagery provides valuable 

insight into the relationship between seasonal dynamics and land-cover type. Developing 

a rule-based classification model provides a means for exploiting spectral, thermal and 

elevation data to extract land-cover information. Applying GPS referenced aerial video 

for map accuracy assessment provides a measure of the effectiveness of the rule-base 

model while investigating a new technique. 

Previous work on A VHRR land-cover classification has been limited to imagery 

with coarse spatial resolution or limited temporal dimensions. In 1991, however, the Eros 

Data Center (EDC) began releasing the Contenninous U.S. AYHRR Biweekly 

Composites data set on CD ROM. Its release was intended to stimulate research on the 

analysis of large, seasonal remote sensing data sets. This data set contains observations of 

the entire conterminous U.S. in five spectral bands, with 1 km spatial resolution. The 

imagery has been collected over sequential fourteen day periods from early 1989 through 

late 1994. The large spatial and temporal dimensions offer an opportunity to examine 

patterns of seasonal and annual spectral variation over large areas. 

This study uses the EDC data set as a basis for mapping land-cover within the state 

of Arizona. The variety of land-cover types present within Arizona makes the state a 

living laboratory for investigating mapping techniques. The state contains a number of 

globally representative ecosystems, from alpine tundra in the high mountains to scrub 

communities in the low deserts. A legacy of traditional botanical and physiographic 

studies provides a basis for evaluating the utility of remote sensing techniques. From a 



19 

practical perspective, limiting the study area to Arizona facilitated fieldwork based out of 

Tucson. 

A time period spanning 61 compositing periods between 1990 and 1992 was 

chosen. The selection of a large number of observations spanning multiple seasons lead 

to creation of the term "hyper-temporal" to describe the long time dimension. The 

precedent for this term comes from descriptions of spectral dimensions of advanced 

scanner imagery. Imagery with more than 16 spectral bands is commonly referred to as 

"hyper-spectral" . 

A rule-based classification model was developed to extract land-cover information 

from the EDC data set. Rule-based classification is an AI technique which offers 

advantages over traditional remote sensing classification algorithms. While common 

image classification algorithms are limited to the spectral dimensions of the imagery, rule

based classification offers a means for flexibly incorporating remote sensing and thematic 

data. It is an elegant AI technique which can be implemented within the spatial 

framework of a GIS. The technique uses a series of conditional operators to evaluate 

inputs and assign classes. Conditions are applied as a series of rules within a classification 

model. 

Rule-based classification requires a priori knowledge for evaluating inputs and 

formulating rules. For this study, an existing land-cover data set, the Natural vegetative 

Communities of Arizona map by Brown and Lowe (1973), served as the a priori 

knowledge base. The temporal dynamics of spectral and thermal measurements were 
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assessed on the basis of this map. The classification model developed assigns land-cover 

classes based on the spectral, thennal and elevation characteristics in the context of the 

Brown and Lowe map. 

The rule-based model developed for this study produces a series of annual maps. 

The annual maps were compared and combined into a single land-cover map. The 

resulting map has been compared against the original Brown and Lowe classification, a 

traditional cluster classification and field observations. Field observations were made in 

two ways: a traditional ground survey and aerial video transects. The comparison of the 

ground observations and aerial video sample provides a measure of the effectiveness of 

each technique, as well as an estimate of the accuracy of the rule-based model. 
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2. BACKGROUND 

2.1 Land-coyer Classification 

Classifying and mapping land has been a traditional task for geographers. Early 

Greek, Roman and Persian geographers included descriptions of vegetation and human 

activities in their descriptions of places. Alexander von Humbolt was one of the earliest 

geographers to make observations about the relationship between vegetation and human 

activity and to relate these observations to spatial patterns on a global scale. As 

subdisciplines within geography developed during the nineteenth and early 20th century, 

land classification and mapping methodologies proliferated. 

Land use classification arose from the need to map human activities in the context 

of regional planning and economic development (Campbell, 1983). Land use 

classification schemes emphasize economic categorization, defining types of agriculture 

and industry specifically, while applying broad classes to areas less impacted by human 

activity. They are usually intended to support policy decisions regarding economic 

development. Land use maps are generally detailed, large scale depictions of small, 

politically defined areas, such as states, counties and municipalities. Attempts have been 

made to create global scale land use maps, but data for these efforts has been unreliable or 

unavailable (Adger and Brown, 1994). 

Physical land classification approaches draw upon spatial patterns of topography, 

soils, vegetation and climate (Gregory, 1985). There are a variety of physical land 

classification approaches. Some physical classifications are intended for specific pwposes, 
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such as military traffic ability maps or land capability maps. These maps depict land classes 

which relate directly to their desired applications. Other physical land classifications are 

more descriptive, such as soils, climate and vegetation maps. These maps are created for 

a wider range of applications and derive their classification schemes from the physical and 

biological sciences. 

Vegetation mapping is an example of physical land classification based botanical 

and biogeographic principals. KUchler identifies two methods of vegetation 

classification: physiognomic and floristic (KUchler, 1967). Physiognomic classification is 

• based on the structure and appearance of the vegetation, while floristic classification is 

based on the presence and proportion of specific plant taxa. KUchler notes that a 

combination classification methods is required for most successful vegetation mapping 

efforts. Small scale maps will generally emphasize physiognomic classification 

approaches, while large scale maps may be more floristic. 

SmaIl scale vegetation mapping efforts have incorporated climatic and ecological 

considerations. Koppen sought to develop a climate classification which would 

correspond to major world vegetation boundaries (Strahler and Strahler, 1992). 

Holdridge (1947) devised a lifezone classification based on the relationship between 

temperature and precipitation. UNESCO global vegetation classes, developed in the 

early 1970s, considers lifeform, density and seasonality supplemented by altitude, climate 

and vegetation architecture (GLIS, 1995). The classification is hierarchical, with 

vegetation formations broken into classes, subclasses, and groups. 
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Approaches to land classification which integrated land-use and vegetation 

became prevalent in the 1960s and 70s. During this time period, growing interest in 

environmentalism and natural resource management created a demand for a 

comprehensive land classification in the United States. At the same time, remote sensing 

techniques made extensive land-use and natural resource inventories more feasible. New 

York State's Land Use and Natural Resource (LUNR) survey was one of the first state 

level inventories which used remote sensing and recorded results in a computer compatible 

format (Campbell, 1983). The methods used in LUNR were subsequently expanded to 

nationalle"'cl by the USGS. 

For the national survey, the USGS developed an integrated land use and 

vegetation classification scheme, documented in the 1976 publication A Land Use and 

Land Cover Classification System for Use with Remote Sensor Data (Anderson et al., 

1976). The classification scheme, often referred to as the Anderson classes, provided a 

hierarchical classification framework designed to work with a variety of remotely sensed 

image types. The authors make a distinction between land use and land-cover, noting that 

land use refers to human activities while land-cover refers to vegetation and artificial 

surfaces. They trace the term land-cover to a 1961 article in the Professional Geographer 

by T. Burley (Burley, 1961). They note that land-cover can be directly observed in 

remote sensing imagery, while land-use must be interpreted from observations of land

cover. 
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The Anderson classification is based on four levels of classification. Level I is 

most general, intended to be derived from Multi-Spectral Scanner (MSS) while Level IV 

is intended to be derived from low altitude, large scale aerial photography. The level of 

detail within each classification level is commensurate with the spatial resolution of the 

remote sensor. The Anderson scheme was implemented for the national survey of the 

U.S in the late 1970s, the results of which are available as digital Land Use Land Cover 

(LULC) data files. 

Interest in the development of a comprehensive database of global land-cover 

increased dramatically in the late 1980s, when research on global climatic change became 

an international priority. Global change research encompasses a wide variety of projects 

spanning numerous disciplines. The common theme is the concept that anthropogenic 

sources of carbon dioxide (COJ methane (CH4), nitrous oxide (NH4), ozone (03) and 

chloroflorocarbons (CFCs) - collectively called "greenhouse gases" - will influence climate 

on a global scale. Although there is considerable disagreement on the effects on local and 

regional scales, there is a general consensus that increasing emissions of these gases will 

enhance the Earth's greenhouse effect, resulting in a net warming. 

An important application of global land-cover data is their use in predictive 

modelling efforts. Global change scientists use predictive models to provide a quantitative 

means for evaluating the sources and impacts of climatic change. General Circulation 

Models (GCMs) which use physical conservation laws describing momentum, heat and 

water vapor to predict atmospheric parameters in three dimensions over time (Dickinson, 
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1987; Cubasch and Cess, 1990). Fluxes between the land and the atmosphere are an 

important consideration in GCMs. Other modelling efforts, such as mesoscale 

meteorological models, hydrologic models and ecosystem models also require land-cover 

infonnation (Loveland et al., 1995). 

The spatial resolution and classification detail is dependent on each model's 

requirements. GCMs typically require very generalized land-cover data, while 

hydrological and ecosystem models require more detailed information. The National 

Center for Atmospheric Research (NCAR) Climate Community Model (CCM), uses the 

Biosphere Atmosphere Transfer Scheme (BATS) which contains 18 generalized land

cover classes at 2° x 4° degree spatial resolution. In contrast, CENTURY, a regional 

ecosystem model, requires Anderson Level IT land-cover classes at 1 km spatial resolution 

(Loveland et aI., 1995). As continuing research efforts produce more diverse and detailed 

models, the need for compatible land-cover data sets will expand. 

Townshend et al. (1991) note that existing land-cover data sets are largely 

inadequate for global change research applications. Most of these data sets are syntheses 

of regional maps based on varying combinations of remote sensing and field 

observations. While these investigations of land-cover may be quite good at local and 

regional scales, there is no consistent methodology or classification scheme for combining 

them into a global data set. Townshend et al. (1991) compare 16 different global land

cover data and demonstrate gross inconsistencies between them. The lack of agreement 

is attributed to the compilation process. Differences in data sources, class definitions, 
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classification criteria and scale introduce incompatibilities between the global estimates. In 

all cases, the sources lack currency, and have been resampled to very course spatial 

resolutions. 

Loveland et al. (1991) identify the Matthews Global Ye~etation Data Set (1984) 

and the Olsen and Watts (1982) Major World Ecosystems as the two most common 

sources of land-cover data currently used in global change research. Both of these 

sources are course resolution compilations of existing land-cover maps. The Matthews 

Global Ye~etation Data Set was compiled from approximately 100 published sources. 

These multiple sources were created by different agencies, using diverse methodologies, 

ranging from field surveys, aerial photographs to satellite imagery. Dates for the sources 

range from 1953 to 1979. The sources were synthesized into the 32 class UNESCO 

(1973) vegetation classification scheme, and was resampled to lOx 10 spatial resolution. 

Major World Ecosystems is a 44 class data set created at Oak Ridge National 

Laboratories. It is intended to provide a data set for making estimates of vegetation area, 

carbon quantities and natural biological exchanges of CO2, The data set is intended to 

provide an estimate of natural vegetation as of 1980, although it incorporates older 

information. Its spatial resolution is 0.50 x 0.50 (GLIS, 1995). 

Omemik's (1987) Ecoregions of the Conteoninous United States was compiled to 

provide a geographic framework for managing ecosystems in the U.S. This map was 

intended to replace Bailey's earlier (1976) Ecore~jons of the United States Omemik's 

ecoregion map was combined manually at a scale of 1:7,500,000 from numerous map 
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sources; Kuchler's 1970 vegetation map is identified as one of the key sources. Most of 

these dated from the 1970s; some of the soil maps used dated from the 1930s (Omernik, 

1987). Ecoregions were identified on the basis of land-use, land surface form, potential 

vegetation and soils. Seventy six ecoregion classes were defined, with a minimum 

mapping unit of 500 km2
• Classes were described using regional names, e.g. "New 

Mexico Uplands" and are regionally distinct - e.g. similar forested classes found on the 

west coast are assigned a different class than those on the east coast. Polygons are large 

with generalized boundaries - Arizona's diverse land-cover is described by only five 

Ecoregions. Despite its generality and dated sources, Omernik's map has been chosen as 

a preferred source for national levelland-cover characterization efforts (Brown et al., 

1993). 

2,2 Coarse Resolution Remote Sensing of Land-coyer 

Townshend et al. (1991) advocate the creation of a global land-cover data set 

using remote sensing. A VHRR data is identified as one possible source. The interest in 

deriving global land-cover from 1 km A VHRR data is the product of a decade successful 

application of coarse resolution imagery on continental scales. Although the NOAA series 

of Television Infrared Observation Satellite (TIROS) was primarily intended as a 

meteorological system, its AVHRR was recognized in the mid-1980 as a sensor with 

other applications. These capabilities were highlighted for ecological researchers in two 

1986 articles one in Science (Yates et al., 1986) and one in Bioscience (Roller and 
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terrestrial research in the areas of oceanographic, hydrologic and ecosystems research. 
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One of the earliest applications of A VHRR to classify land-cover was by Tucker et 

al. (1985). This study used NOAA-7 A VHRR imagery to classify land-cover in Africa. 

Global Area Coverage (GAC) daily images were combined into 21 day composites from 

April 1982 to February 1983. The NOVI was calculated for the composites, and was 

plotted over time to provide a measure of seasonality. Principal components analysis 

(PCA) was applied to eight composites. The fIrst and second components, representing 

integrated magnitude of NOVI and seasonal change in NOVI respectively, 'v~re 

combined and labelled with land-cover classes derived from ground observations. The 

result was a generalized land-cover map of the African continent 

Similar observations of North America vegetation patterns were made by Goward 

et al. (1985) using A VHRR derived imagery. For this study, weekly GVI imagery was 

composited into 21 day periods between April and November 1982. The composite were 

used to plot phenology curves and to estimate net primary productivity. The study 

concluded that seasonal NOVI measurements corresponded with the phenology of know 

vegetation types, and that integrated NOVI estimates agreed with known patterns of net 

primary productivity. 

Justice et al. (1985) examined phenological patterns using GVI data on a global 

scale between April 1982 and November 1983. Global phenological patterns were 

presented as a series of global images. Phenological curves for ground sites of known 
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land-cover type were plotted along with climatic data. It was noted that many land-cover 

types could be distinguished on the basis of their phenological curve. The study 

demonstrated that A VHRR observations could be used to monitor global vegetation 

dynamics, and that land-cover types could be mapped based on their phenology. Similar 

research followed. Malingreau (1986) demonstrated related GVI phenology observations 

over Asia to the 1982-83 EI Nino Southern Oscillation (ENSO) related drought. 

Spanner et al. (1990) related NOAA-9 A VHRR NDVI observations to leaf area index of 

coniferous forests in the western U.S. 

Lloyd (1990) developed a vegetation classification method using three 

phytophenological variables derived from GVI data. The phytophenological variables 

were defined as: 1) time of maximum photosynthetic activity, 2) length of growing season 

and 3) annual mean daily maximum potential photosynthetic rate. A supervised binary 

decision tree model was used to stratify three variables into 21 classes. Although no 

attempt is made to interpret the classes, it is noted that the asymmetry of phenological 

classes is useful for identifying land-cover, especially if it is used in conjunction with 

ancillary data, such as climatic observations. 

Desfries and Townshend (1994) applied supervised classification techniques to a 

1 °xl 0 A VHRR data set for 1987. Phenological signatures for eleven land-cover classes 

were established using three existing global vegetation maps to delineate training areas. A 

maximum likelihood classifier was applied. A global land-cover map was created and 

compared against the training areas. The results indicated that phenological characteristics 
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classification (Desfries and Townshend, 1994). 
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This body of research has lead to cooperative international efforts to develop 

comprehensive A VHRR data sets covering the globe. Efforts are underway by numerous 

agencies in the United States and Europe. Townshend (1994) identifies four "data 

processing streams" in the development of A VHRR land data sets. The rlIst three 

streams represent A VHRR data which has been resampled to greater than 1 Ian resolution; 

the fourth data stream represents ongoing efforts to create a global 1 Ian A VHRR land 

data set. 

The flIst efforts began in 1982 at NASA with the Global Vegetation Index (GVn 

15 km resolution data set. This data set was created from A VHRR Global Area Coverage 

(GAC), a type of A VHRR imagery collected daily at 4 km resolution for the entire world. 

The GVI was created from GAC by registering daily observations, calculating the 

Difference Vegetation Index (DVI = near infrared - red), and compositing peak DVI 

observations over a seven day period. The images were projected into a polar 

stereo graphic projection, resulting in 15 km resolution at the equator. This data set was 

the flISt global AVHRR data set compiled for terrestrial applications. Although the GVI 

was used extensively for early land-cover studies, there were several problems with its 

calibration, sampling and registration. An improved version of the GVI, covering 1983 

through 1991 has been compiled by the University of Maryland (Goward et al., 1994). 
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The Global Inventory Monitoring and Modelling Studies (GIMMS) group at 

NASA has created its own AVHRR for use with GCMs (Los et al., 1994). This data set 

is compiled from GAC data. The Normalized Difference Vegetation Index (NDVI) was 

calculated, composited over a month long period, and resampled to 1 °xl 0 spatial 

resolution. This data set has been used to calculate surface parameters on a global scale, 

including albedo, roughness and surface conductivity, as well as leaf area index and 

greenness measures (Sellers et al., 1994). 

Under Townshend's guidance, the IGBP-Data and Information System (IGBP

DIS), specified the need for compiling a 1 km global A VHRR data set for the purpose of 

land-cover classification (Townshend et al. 1994; Eidenshink and Faundeen, 1994). A 

cooperative agreement between 23 A VHRR ground receiving stations located across the 

globe was reached, and data collection commenced on April 1 , 1992, with EDC acting as 

the focal agency. Standards for collection, calibration, atmospheric correction and 

geometric correction were established. The raw data set consists of daily 1 km to-bit 

data. NDVI images and lO-day composites have been specified as desirable secondary 

products. A prototype to-day composite for June 21-30, 1992 has been compiled, and a 

30 month series of ten day composites is underway. 

The globallkm A VHRR data set is an extension of the Cooteonjnous U.S. 

AYHRR Biweekly Composjtes. This data set was conceived as a basis for studying 

human impacts and global climatic influences on vegetation in the 48 contiguous states 

(Eidenshink, 1990). The data set consists of bi-weekly composites of NOAA-II 
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A VHRR imagery which has been calibrated, geo-referenced, and NDVI calculated. The 

imagery has been published on CD-ROM, and is available from January 1989 through 

September 12, 1994, when NOAA-ll ceased transmitting (EDC, 1994). 

The EDC data set has been widely distributed to support ongoing land-cover 

mapping efforts at global and national scales. T. Loveland, a researCher at EDC has been 

central to developing methods for extracting land-cover characteristics from the A VHRR 

data set. Noting that " ... 110 single classification scheme can satisfy all, or even most 

applications ... ", Loveland's research has focussed on developing a set of characteristics 

that can be applied to land-cover studies (Loveland et aI. 1991, p.1554). The 

characteristics are intended to be at applicable continental and larger size data sets and 

include a consideration of seasonality. Land-cover characteristics include non-remotely 

sensed data, such as climatic and elevation data, as well as A VHRR NDVI derived 

information, including timing of onset of greenness, timing of peak greeness, duration of 

greeness and cumulative greeness. A proto-type of the land-cover characteristics data set 

spanning March to November 1990 was used to create a 70 class land-cover map of the 

conterminous U.S. The map was created by running an unsupervised classifier 

(lSOCLASS) on the NDVI data, and then stratifying the results using ancillary data. This 

classification strategy was good at locating rangeland, forest and agriCUltural areas, but 

resulted in mis-classification among other classes. Deficiencies were noted in the ability 

of NDVI to discern between barren land classes and a lack of a full year of observation. 

In addition, land-cover classes whose surface materials are heterogeneous and variable 
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within a 1 km sample, such as rooftops in urban areas, were difficult to classify. 

Nonetheless, the results indicated that a multi-temporal A VHRR data set contains 

information potentially useful for mapping and monitoring land-cover (Loveland, 1991). 

Additional work on the land-cover characteristics proto-type has lead to its release 

by EDC as a CD-ROM product. Loveland et al. (1995) built on their earlier work to 

create two national level land-cover maps, included as a map supplement to the June, 1995 

Annals of the Association of American Geographers. The Seasonal Land-coyer Regions 

Map is a 1:7,500,000 map created by Loveland et al. (1995) from the experimental land

cover characteristics data set. It depicts 159 land-cover classes identified from the EDC 

data set. The reverse of the map is a 1: 10,000,000 USGS Leyel II Land-coyer map, 

derived by aggregating the 159 seasonal classes into the Anderson (1976) level IT land

cover classification. These maps demonstrate the utility of AVHRR analysis for deriving 

land-cover information at a scale useful for the U.S. Global Change Research Program 

(Loveland et al., 1995). 

Complimentary to the EDC's A VHRR data set investigation are ongoing efforts by 

NASA's North American Land-cover Characterization (NALC) and the Environmental 

Protection Agency's (EPA) Environmental Monitoring and Assessment Program (EMAP). 

NALC is focussed the creation of a set of geo-referenced Landsat MSS images covering 

the US and Mexico. Three MSS image - one each representing the 1970s, 1980s and 

1990s - are co-registered to form a triplicate image set. The NALC triplicates are 

intended to be used as a baseline of information for regional environmental monitoring and 
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to complement future studies using TM or EOS data (GLIS, 1995). EMAP is an 

intensive effort by the EPA to " .. assess and document the status and trends in the 

condition o/the nation's ecological resources ... " (GLIS, 1995). This study takes a multi

stage approach, using intensive ground sampling supplemented by GIS and remote sensing 

techniques to characterize representative sites. 

The Global Land-cover Test Sites (GLCTS) project is an ongoing effort in support 

of the IGBP, administered by K. McGwire at Desert Research Institute in Reno, Nevada. 

The purpose of the project is to select and characterize representative land-cover sites to 

serve as benchmarks for use with the 1 km Global A VHRR data set, and for development 

of EOS algorithms. Over 100 locations have been identified as previous or emerging 

long term environmental monitoring sites. In Arizona, Walnut Gulch, located in the 

Chihuahuan Desert east of Tombstone, is presently being evaluated for selection as a 

representative desert site. Between 40 and 80 sites will be selected for further study. A 

database of AVHRR imagery, Landsat imagery, land-cover information and elevation 

will be developed for each of these sites (GLIS, 1995). 

2.3 Suitability of NOv! for Land-coyer Classification 

Most investigations of A VHRR for global land-cover mapping have employed 

composited NDVI imagery as a measurement of vegetation greenness. NDVI is one of a 

number of vegetation indices which have been developed to measure the spectral response 

of vegetation.. Spectral vegetation indices can be classified into two categories: 

orthogonal indices and ratio indices. Orthogonal vegetation indices measure greeness by 
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computing a vector distance from a principal axis of soil spectral variation. Examples of 

orthogonal indices include the Perpendicular Vegetation Index (pVI), the Green 

Vegetation Index (GVI) and the Soil Line Index (SLI) (Huete and Jackson, 1985). 

Ratio vegetation indices exploit the relationship between red and near-infrared 

reflectance properties of plants. A typical reflectance spectra shows that green vegetation 

has low reflectance in the red when compared to the near-infrared (figure 2.1). This 

effect is due to the absorption of red radiation by chlorophyll and the highly reflective 

nature of plant mesophyll structures to infrared radiation. Ratio indices include the Ratio 

Vegetation Index (RVI), the NOVI and Transformed NDVI (Huete and Jackson, 1985). 

NOVI is the vegetation index most commonly associated with A VHRR. NOVI is a 

normalized ratio of the red to near infrared (NIR) reflectances. The use of the normalized 

ratio reduces the effects of sun-target-sensor geometry and atmospheric effects (Gutman, 

1991). NOVI is calculated using following equation: 

NOVI = (NIR - red) / (NIR + red) Eq.2.1 

The index yields a range of values between + 1 and -1. Positive values indicate the 

presence of green vegetation, while negative values generally represent non-vegetated 

surfaces. NOVI has been shown to be related to a number of vegetative parameters, 

including green leaf area, standing biomass, percent ground cover, amount of 

photosynthetically active material, photosynthetic activity, productivity (Baret and Guyot, 
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1991). A VHRR NDVI measurements have also been related to measurements of 

evapotranspiration in Canada (Chilar et al., 1991) and to rainfall patterns in East Africa 

(Davenport and Nicholson, 1993). 
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Despite the general acceptance of NDVI as an indicator of vegetation condition, 

the index is influenced by soil background and non-Iambertian reflectance characteristics. 

Huete and Jackson (1985) demonstrated that soil background significantly influence both 

perpendicular and ratio vegetation indices, including the NDVI. The influence of soils 

was investigated experimentally by measuring nine classes of vegetation cover against 

eight different soil backgrounds. "':'he results indicated that darker soil introduced an 

upward bias in ratio vegetation indices and downward bias in perpendicular vegetation 

indices. This effect resulted in significant biases of the NDVI. A 20% green cover on a 

dark soil was observed to have the same NDVI value as a 55% green cover on a bright 

soil (Huete et aI., 1985). A subsequent study by Huete and Jackson. (1987) 

demonstrated the significance of canopy architecture of grasses on arid rangelands. 

NDVI values were reduced by flux trapping in erectophile grass canopies and also when 

senesced vegetation covered green phytomass. A study of grasslands by Weiser et al. 

(1986) concluded that the relationship between leaf area index (LAI), phytomass and 

spectral indices, including the NDVI was site specific and year dependant 

NDVI values calculated from space-based remote sensors are also influenced by 

view direction, atmospheric effects and sample size. Qi et al. (1993) examined these 

effects in a study of multi-temporal SPOT imagery of cotton fields at the Maricopa 
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Agricultural Center (MAC). Oata was acquired at varying view angles and directions 

over varying soil backgrounds and canopy coverages. The NOVI was relatively 

unaffected by view angle, but was affected by view direction. Peak values were measured 

in the forward scattering direction. Partially vegetated canopies were affected more by 

soil moisture condition and view angle effects than fuller canopies, which were affected 

more by atmospheric effects. Atmospheric attenuation lowered NOVI values; greater 

reduction was observed in higher NOVI values. The interrelationship between the 

atmosphere, view and soil background influences was complex, at times cancelling, 

amplifying or reversing one another (Qi et al., 1993). 

The effect of pixel size was investigated in a related study. Jasinski (1990) 

modelled the influence of canopy cover and soil brightness on 5 m, 10 m and 30 m pixels. 

Modelled values were compared against SPOT imagery of a pecan orchard at MAC and 

aerial video imagery of Juniper woodland from central Arizona. NOVI values were 

observed to increase with increasing cover, increased shadows, and decreasing soil 

brightness. Variation in NOVI caused by spatial variations in soil background and 

shadowing was observed to decrease with increasing pixels size (Jasinski, 1990). 

The effects of the atmosphere, viewing geometry and sample size are common to 

both orthogonal and ratio indices. The NOVI is more susceptible than many indices to 

the effects of soil background. The Soil Adjusted Vegetation Index (SA V!) proposed by 

Huete (1988) and its follow on, the Transformed Soil Adjusted Vegetation Index 

(TSAVI) proposed by Baret and Guyot (1991) have been demonstrated to minimize the 
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effects of soil background. These indices are based on the concept that spectral 

measurements of vegetation and soil can be plotted as isolines in NIR/red space. Huete's 

experiments with varying canopies of cotton and grass measured against different soil 

backgrounds demonstrated that the isolines have increasing slopes and intercepts with 

increasing percent cover. The isoline with zero percent cover is the soil line; it has slope 

of one and intercept of zero. Vegetation isoline behavior can be modelled by graphically 

shifting the origin of NIR/red space to the approximate convergence of the isolines. This 

graphical shift can be approximated by incorporating an adjustment factor (L) into the 

NDVI equation. L is based on the amount of cover; howeve:, a value of L = 0.5 has 

been experimentally demonstrated to work for most of the range of cover (Huete, 1988). 

As a result, SA VI can be approximated by the equation: 

SA VI = [ ( NIR - red) / (NIR + red + L) ] * ( 1 + L ) Eq.2.2 

The TSAVI developed by Baret and Guyot (1991) is a follow on to SAVI. 

TSA VI rejects the assumption that the soil line has a slope of one and an intercept of zero. 

The soil line slope (a) and intercept (b) are incorporated into the index. TSAVI is 

calculated as follows: 

TSAVI = [a (NIR - a(red) + b)] I[ a(NIR) + (red) - ab + 0.08 ( 1 + a2
)] Eq.2.3 

Although SA VI and TSA VI offer improvements over NDVI for reducing the 

effects of soil background, they were developed for small plot applications. As a result, 

these indices are somewhat problematic to apply to A VHRR imagery. The factor L in 

SA VI varies with percent cover, which varies extensively within a single A VHRR image. 
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In the imagery of Arizona used in this study, for example, cover varies from 100% in 

forested areas to 0% in playa and dune areas. TSA VI requires the additional 

determination of slope and intercept of the soil line. These parameters are difficult to 

detennine from AVHRR imagery, since a single image typically covers a wide variety of 

soil types and 1 km pixel size precludes observation of pure soil pixels. Bare soil can only 

be observed in anomalous large bare areas, such as dune fields and playas, which are not 

representative of soil color in vegetated areas. 

The consideration of vegetation indices other than the NOVI for land-cover 

mapping with A VHRR has primarily been made in the context of future orbital sensors. 

NOVI is simple to calculate and has been widely used with A VHRR. The majority of 

A VHRR land-cover studies to date have used NOVI as the preferred vegetation index. In 

any case, the data sets compiled by EOC and IGBP-OIS are composited on the basis of 

peak NOVI - the application of other vegetation indices to the data will produce 

problematic results due to the nature of compositing (Huete, 1994, personal 

communication). 

Using a vegetation index to composite daily AVHRR observations into a single 

image representing a longer time period is desirable for several reasons. A primary 

consideration is that compositing reduces the frequency of observations and the volume of 

data. Clouds have low vegetation indices; compositing based on peak vegetation index 

reduces the influence of clouds. In addition, the selection of peak vegetation index values 

increases the sensitivity of the composited image to green vegetation. 
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The fIrst composite A VHRR product used in studies of global land-cover was the 

GVI. Despite the advantages of the compositing procedure, Goward et al. (1993) and 

Gutman (1991) have identified several significant shortcomings in the GVI data set. 

Most notable is a bias towards off-nadir pixels. "Last value mapped" resampling of the 

GAC data result in a sample which is biased toward off-nadir viewing to the east, the 

direction of maximum backscatter. 

Off-nadir pixels are undesirable for several reasons. The edge of the A VHRR 

scene is acquired at view angle of 55° degrees from nadir. At this angle, the 1.1 km nadir 

IFOV is expanded to 2.4 km by 6.5 krn. This geometry causes overlap between samples, 

an increase in ground area observed, and increases the effects of atmospheric scattering. 

Atmospheric scattering results in an overall increase in spectral values, but is stronger in 

the visible portion of the spectrum than in the infrared; as a result, vegetation indices 

using these bands are reduced. 

Sun-sensor geometry is another variable. Terrestrial observations with A VHRR 

have used the sensors aboard NOAA-7, 9 and 11. The orbits of their platforms are timed 

to acquire imagery at 2:30pm. In the summer, A VHRR views close to the principal plane 

of the sun. Off-nadir measurements in the backscatter direction will be strongly affected 

by atmospheric scattering, although the larger solar zenith angle for backscatter 

observations mitigates this effect somewhat (Goward et al., 1993). The proximity to the 

principle plane of the sun also increases the effects of the bidirectional reflectance 

characteristics of the surface. 
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The geographic transfonnation of the GVI from image coordinates to the polar 

stereographic projection and to Plate Carree (PC or linear latitude-longitude) projection 

results in samples of unequal area. The data is composited from over a seven day 

period, which is inconsistent with the nine day orbital period of the NOAA satellites, 

resulting in an inconsistent sample of view angles. The short compo siting period 

decreases the likelihood of obtaining cloud free conditions throughout the image, 

increasing the potential for cloud contamination. The images are composited from the 

DVI ,which is sensitive to overall brightness, reinforcing the bias towards off-nadir 

backscatter view angles and bright ground covers. The radiometric basis for GVI 

observations are weak: the lO-bit radiometric data is truncated to 8-bits, and the NDVI is 

calculated from uncalibrated digital counts. Despite all of these shortcomings, GVI has 

been found to be adequate for laying the foundation for measuring the dynamics of global 

vegetation (Goward et al., 1993). 

The AVHRR data sets being compiled by EDC and IGBP-DIS are significant 

improvements over the GVI product. The source data for the EDC and IGBP-DIS is 

High Resolution Picture Transmission (HRPT) data with 1.1 spatial resolution, rather than 

the GAC's 4.4 krn. Both are made up of images composited over a 10-day period on the 

basis of NDVI. Daily images collected within each composite period are geometrically 

corrected, radiometrically calibrated and the NDVI is calculated. The NDVI images are 

compared, and the maximum value pixels are selected from each image to fonn the 

composite. The corresponding pixels for bands 1-5 are selected on the NDVI criteria. 
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The calculation of the NOVI after the radiometric calibration reduces the biases 

introduced by view angle. Calibration reduces the effects of backscatter on the NDVI. 

As a result, the calibrated images have in the higher NDVI values for near-nadir pixels 

and lower values for off-nadir viewing. Imagery composited after radiometric correction 

is less biased by view effects, although some "speckling" of bright, off-nadir pixels 

remains (D'Iorio et al., 1991). The 10-day compositing period provides a representative 

sample of view angles present in the nine day orbital period and also improves the 

likelihood of cloud free observations. 

Unlike the GVI, the EDC and IGBP products are registered to the Lambert's 

Azimuthal Equal Area projection (LAZEA) with a 1 kIn cell size. Although this 

projection offers a significant improvements in resolution and area measurements over 

those used with the GVI, the registration process introduces several problems. Moody 

and Strahler (1994) note that images collected within each period are sampled from 

different observation angles, resulting in inconsistent IFOVs between observations. In 

addition, biases towards the selection of off-nadir pixels mean that spatial information is 

lost due to the larger IFOV. These characteristics result in composited images with both 

blurred and smeared appearances. Large IFOVs also decrease the ability to selected 

control points in the registration process, resulting in misregistration between images 

(Moody and Strahler, 1994). 

The effects of cloud contamination, backscatter speckling, off-nadir blurring and 

geometric misregistration degrade the quality of composited AVHRR imagery. These 
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effects have been observed by D'Orio et al. (1991) in 1988 composites of Canada, by 

Strahler and Moody (1994) in composited LAC data of New England, and are present in 

the EDC imagery used in this study. Reduction of this degradation presents a challenge, 

although there are several techniques, such as recompositing and cloud masking, that can 

be applied to mitigate some of the effects. It is hoped that future systems incorporated 

into EOS will have design characteristics to reduce or eliminate some of these problems 

(Strahler and Moody, 1994). In the mean time, it is necessary to work with the available 

A VHRR data sets. 

2.4 The Potential Applications of AYHRR Thermal Ima~eO' 

Although the majority of land-cover mapping efforts have focussed on the analysis 

of temporal observations of NDVI, A VHRR composite data sets include thermal imagery 

as well. Channel 4 spans 10.30 to 11.30 and channelS spans I1.S0 to 12.S0 pm. 

These wavelength intervals are most sensitive to radiative temperatures emitted by objects 

at the earth's ambient temperature. Imagery from these channels provides an indication of 

surface temperature. A VHRR thermal measurements offer the potential for discerning 

land-cover types. 

Thermal measurements have been used in archaeology, geology, forest fire 

detection, water temperature measurement and crop stress analysis (A very and Berlin, 

1985). Landsat TM includes a thermal channel, although 120m resolution and noisy 

daytime imagery has discouraged its use. Meteorological satellites use thermal sensors 

for imaging clouds. Terrestrial applications of thermal satellite imagery began with the 
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short-lived Heat Capacity Mapping Mission (HCCM). This sensor demonstrated the 

utility of coarse resolution thermal imagery for measuring earth surface thermal inertia 

(ASPRS, 1983, P 640). Marsh et al. (1975) demonstrated the potential of coarse 

resolution thermal imagery for terrestrial geo-thermal observations by using the Very High 

Resolution Radiometer, an early predecessor to A VHRR, to identify temperature 

anomalies in Yellowstone National Park. AYHRR thermal sensors have been applied 

extensively within oceanography to determine Sea Surface Temperature (SST), an 

important parameter for global climatic modelling. A composited A VHRR global SST 

data set is currently being processed through EDC as part of its A VHRR Pathfinder 

project (GLIS, 1995). 

Thermal imagery can provide information on surface characteristics. Surfaces such 

as exposed rock, pavement and dry soils have characteristic diurnal thermal response 

based upon body properties and environmental conditions. In contrast, plants regulate 

their temperature through physiological adaptations, such as leaf orientation and size, and 

through transpiration. Observations of different species under the identical ambient 

temperature conditions showed a variation as great as lOoC between species. Shaded 

leaves on some species were observed 3°C below ambient air temperature (Gates, 1968). 

The ability to transpire is a function of the available moisture. Irrigated crops with 

adequate moisture supplies can maintain low temperatures through the hot summer 

growing period, while moisture limited vegetation warm to the ambient temperature of the 

surroundings. In situ measurements of snap beans showed a difference of 6.0°C 
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between irrigated plots and wilted plots (Fuchs and Tanner, 1966). Xerophytes cease 

transpiration and warm to the temperature of their surroundings during periods of high 

temperature and low moisture supply. This seasonal pattern contrasts with humid 

deciduous plants, which are dormant in cool months and actively transpire in warm 

months. 

The ability to precisely determine kinetic temperature from remotely sensed 

thermal infrared measurements requires some estimation of the emissivity of the observed 

surface. Radiant exitance measured with remote sensing is related to temperature by the 

following equation (Slater, 1980): 

M=o"r Eq.2.4 

Where: M = radiant exitance, = emissivity. a = Stephan-Boltzman constant and T = 
temperature in K. 

The precise determination of earth surface temperatures with A VHRR is 

hampered by atmospheric attenuation and variability in terrestrial emissivities. Emissivity 

is a measure of a material's ability to emit radiation (ASPRS, 1983). It is expressed as the 

ratio of the radiant exitance of a material to the radiant exitance of a blackbody at the 

same temperature: 

e=M'/M 

Where: e = emissivity, M' = radiant exitance of target, M = radiant exitance of a 
blackbody 

Eq.2.5 

Although low emissivities bias radiative measures of temperatures downward. 

terrestrial surfaces typically have high emissivities. Plants usually have emissivities greater 
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than 0.95 and generally between 0.97 and 0.98 (Gates, 1964). A comprehensive study 

by Sails bury and D'Aria (1992) of the emissivity in the 11.3 - 11.6 pm spectral range 

showed that the majority of terrestrial materials possess emissivities of 0.95 or greater. 

There were a few lower emissivity values in the categories of rocks, senesced vegetation 

and tree bark, but none were in categories which could be expected to occur over large 

areas. Artificial surfaces, such as rooftops and masonry are another type of low 

emissivity materials. In AVHRR imagery, the variable effects of emissivity are integrated 

over wide thennal channels and a 1 km pixel size (Labed and Stoll, 1991). Thus, 

variability of AVHRR surface temperature as a result of emissivity can be expected to be 

minor. 

Efforts to correct atmospheric attenuation have followed two methods: estimating 

atmospheric effects with radiative transfer models and empirical analysis of comparative 

absorption between A VHRR channels 4 and 5 - often referred to as the "split-window" 

algorithm. Cooper and Asrar (1989) and Ottle and Vidal-Mad jar (1992) compared the 

methods and concluded that the "split-window" method yields more accurate 

temperatures. Cooper and Asrar (1989) concluded that of four "split-window" algorithms 

tested, one by McClain et al. (1983) consistently yielded results within +/- 3.0 °C of in-situ 

measurements. 

The majority of studies relating spectral vegetation indices and thennal 

measurements have examined single date, single site data, collected in the context of 

energy flux modelling or evapotranspiration. The relationship between vegetation index 
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and temperature has generally been observed as inversely linear. Decreasing temperatures 

are explained as the result of increased latent heat flux resulting from increased 

transpiration (Hope and McDowell, 1992). Studies by Hope and McDowell (1992) and 

by Smith and Choudhury (1991) note that slopes of NDVI-thennal regression lines vary 

with fractional cover and land-cover type. While this variation limits the ability to extract 

evapotranspiration information, the goal of their studies, it does indicate that the NDVI

thermal relationship has potential for separating land-cover classes. 

Li (1992) relates AVHRR vegetation index and thennal measurements in his 

triangular ecosystem model (figure 2.2). Both ·ie NDVI and TSA VI were used. 

Scattergrams of NDVI against temperature showed a triangular pattern (Li, 1992). 

Pixels from fifteen land-cover sites representing six biome types were plotted over time. 

The results were consistent over time: sparsely vegetated sites fell in the 10w-NDVl/high 

temperature region while densely vegetated pixels fell into the high-NDVI/low 

temperature region. Li concluded his study by slicing TSA VI and thermal images into six 

levels and overlaying them. The maps show that gross classes of desert, forest and 

intermediate plant cover can be spatially separated (Li, 1992). Li's study strongly 

indicates that land-cover can be classified on the basis of interrelationships between 

vegetation index and temperature observations. 

2.5 Incorporation of Ancillaxy Data 

The incorporation of ancillary data, such as soils, geology, vegetation and 

topography has been shown to improve the accuracy of land-cover classifications. 
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Hutchinson (1982) notes that using ancillary data improved classification of Landsat 

imagery. In this example, slope data was overlaid with a spectrally classified scene of 

desert area. Simple detenninistic decision rules were applied based on slope class. 

Although the terrain data set was an early product with numerous systematic errors, the 

technique demonstrated the utility of post-classification sorting to reduce misclassification 

error. Richards et aI. 1982, found a 13% increase of classification accuracy by combining 

terrain data into a spectral classification of Skylab imagery. Janssen et aI. (1990) used 

ancillary data for post-classification stratification of the results of a supervised 

classification of TM data. Agricultural fields were delimited from a topographic map, 

providing homogenous objects for assigning land-cover classes. The use of the bounded 

objects improved the land-cover classification by 12 to 20%. Both Janssen et aI. and 

Hutchinson stressed the need for high quality ancillary data. 

One of the major components in the development of EDC's Contenninous U.S. 

AYHRR Biweekly Composites and Land-coyer Characteristics Database by has been the 

development a supporting ancillary data set (Brown et aI., 1993; Loveland et aI., 1991). 

Data layers for elevation, climate, ecoregions, major land resource areas (MLRA) and 

LULC were formatted for use the A VHRR data. Ancillary data was used to iteratively 

labelling and post-classification of spectral-temporal classes (Brown et aI., 1993). These 

data layers, and several additional ones, have been made available on the Contenninous 

US AyeRR Data Set Companion Disk. The layers used in this study are described more 

fully in Chapter 4. 
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Brown et al. (1993) identify elevation, ecoregions and climatic data as important 

data types for global land-cover characterizations. Of these data types, elevation is most 

likely to become available at 1 Ian resolution at global scales. Unlike ecoregions or 

climatic data, elevation data requires little interpretation other than spatial interpolation. 

Several US agencies, including NASA and USGS are investigating the possibility of 

creating a 1 km global digital elevation data for use by researchers. 

2.6 Rule-based Classification 

Incorporating ancillary data into land-cover classification requires methods beyond 

the spectral classifiers traditionally &Ged in remote sensing. Hutchinson (1982) and 

Janssen et al. (1990) note that the incorporation of ancillary data requires, at a minimum, 

GIS techniques. Janssen et al. (1990) predict that knowledge-based expert systems will be 

the preferred methodologies used in future land-cover mapping efforts. 

Knowledge-based expert systems describe a wide variety of efforts to create 

artificial intelligence. Applications range from the automotive industry to medicine. In 

general, expert systems apply a knowledge-base through a reasoning engine to derive 

conclusions from the data (Ripple and Ulshoefer, 1987). Expert systems approaches have 

been implemented in image processing systems (Schowengerdt and Wang, 1989; Wang 

and Newkirk, 1988) and more extensively in GIS (Robinson and Frank, 1987; Leung and 

Leung,1993a&b; Kontoes et al., 1993). 

Knowledge-based expert systems offer improvements over traditional spectral 

based land-cover classifiers by flexibly combining spatial, temporal and thematic 
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information. A knowledge base can be applied to input data through a rule-based model. 

The term "rule-based" is typically used in the context of expert systems, although 

traditional spectral classifiers also use some form of decision rule to assign classes. The 

significant difference between rule-based systems and the spectral classifiers is the basis 

for applying the rules. Rule-based models may be hierarchical, evidential or a 

combination of both. Hierarchical decision-tree models eliminate competing hypotheses 

to reach a conclusion, while evidential models assign classes based on probability. 

Classification distinctions are formulated using a priori knowledge. In contrast, most 

spectral classifiers are limited to assigning classes In the basis of a single statistically based 

rule, such as a minimum distance or maximum likelihood rule. 

Rule-based classification shows promise for land-cover mapping. Bolstad and 

Lillesand (1992a; 1992b) demonstrated the application of a rule-based model to combine 

thematic data with satellite imagery. The model was implemented in a raster GIS 

environment. Rules were established as a set of conditional statements defining classes. 

Evidential and hierarchical decisions were used to reach a conclusion assigning each grid 

cell to a land-cover class. In their example, TM bands 3, 4 and 5 was combined with soil 

and topographic thematic data to identify 14 land-cover classes. The accuracy of the rule

based model were compared against the results of a traditional supervised spectral 

maximum-likelihood classification. The rule-based results and spectral results were 

compared against a ground truth data set to evaluate the accuracy. The rule-based model 
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yielded accuracies averaging 83%, while the spectral classifier yielded accuracies averaged 

69%. (Bolstad and Lillesand, 1992a). 

Middelkoop and Janssen (1991) demonstrated the possibility of combining 

temporal relationships into rule-based classification. They used a knowledge base of crop 

rotations derived from expert opinion and analysis of prior crop reporting to interpret TM 

data for agricultural fields in the Netherlands. Known temporal relationships between 

types of crop sequences were used as a set of prior probabilities. Surprisingly, the 

temporal infonnation provided a best-case increase of only 6% in classification accuracy 

when compared against a spectral classification ofTM bands 3, 4 and 5. However, when 

a case of poor spectral separation was simulated using only TM band 4, classification 

accuracy was improved 20% in the best-case, matching the results of the 3 band spectral 

classifier (Middelkoop and Janssen, 1989). These results indicate that a knowledge base 

of temporal relationships can improve classification accuracy - a concept which has 

potential applications for improving the classification of multi-temporal A VHRR imagery. 

2.7 Preyious Land-coyer Inyestieations within Arizona 

Rule-based modelling requires a knowledge base from which to develop 

classification rules. Fortunately, the state of Arizona has been the focus of numerous 

local and regional studies of land-cover in the context of vegetation mapping. Merriam's 

1890 Results of a Bioloiical Survey of the San Francisco Mountain Rciion and Desert of 

the Little Colorado. Arizona established the principles of vertically zoned life-zones, a 

concept which persists with current descriptions of ecosystems and biomes (figure 2.3). 
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Nichol (1937) applied Meniam's life-zones on a statewide basis to his Natural Yeeetation 

of Arizona at a scale of 1 :2,800,000. Beck and Humpherys, with the University of 

Arizona Agricultura1 Experiment Station and Cooperative Extension Service, compiled 

the Arizona Natural Yceetation Map in 1963 at a scale of 1: 1 ,350,000 using Merriam's 

(1890) life-zones. 

In the early 1970s, there was a significant effort by Arizona State Game and Fish 

Department to map of natural vegetation. The result was the Natural Yceetative 

Communities of Arizona map at a scale of 1:500,000 (Brown and Lowe, 1973). The map 

was compiled from existing statewide maps and field observations by state biologists 

posted throughout the state. The vegetation classification scheme, developed by C.H. 

Lowe, divides Arizona into thirteen vegetative communities, loosely based in Merriam's 

life-zones. The detailed class descriptions are contained in the manual which accompanies 

the map, entitled The Narural yceetation of Arizona (Lowe, 1973). This map has been 

regarded as a useful, although somewhat generalized, vegetation map of Arizona for the 

past two decades. It is distributed as a product of the Arizona Land Resource Infonnation 

System (ALRlS) administered by the Arizona State Land Department, and is now 

available from that agency in digital format (Irish, 1992, personal communication). 

There have been several follow-on efforts since the publication of the Brown and 

Lowe map. Perhaps the most significant work is the Biotic Communities of the 

Southwest, by Brown, Lowe and Pase (1977). This 1:1,000,000 map covers Arizona, 
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New Mexico as well as parts of California, Nevada and Mexico. The map is divided into 

seven general vegetative fonnations, which are subdivided into biogeographic areas. This 

map includes wetland and riparian classes. A companion volume, Biotic Communities of 

we American Southwest-United States and Mexico (Brown, 1982) is organized along the 

lines of the map legend. This comprehensive work was assembled as a major collaborative 

effon of several prominent biologist and published by Boyce Thompson Southwest 

Arboretum as an issue of pesert Plants. 

Currently, there is major ongoing land-cover mapping effort underway by the 

Arizona State Department of Game and Fish as part of the National Gap Analysis 

Program. The purpose of this program is to provide a state by state inventory of major 

natural land-cover types and wildlife habitat (Stoms et al., 1994). The Arizona Gap 

project was initiated by L. Graham in the Advanced Resource Technology (ART) lab at 

the University of Arizona, and is currently being completed. The map has been compiled 

through an analysis of Landsat Thematic Mapper (TM) data and aerial video 

observations. As of this date, neither the final version of the map nor a detailed 

methodological treatment have been published. Preliminary versions depict spatially 

detailed vegetation units classified to the community level. 

2,8 Accuracy Assessment 

One of the difficulties in globalland-cover mapping is assessing the accuracy of 

small scale maps. Ground observations are limited to point observations of small areas. 

Field observations are costly, requiring extensive travel in order to cover large areas 
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inherent in global studies. Ground surveys are generally limited to observations of areas 

accessible by roads and trails. Accessible sites may not be representative of land-cover 

over larger areas. The expense and limitations of field surveys are difficult to justify since 

global scale land-cover classes are very general. It is hard to extrapolate them to the large 

mapping units employed on depictions of global scale land-cover. 

One of the objectives of this study was to develop a method for rapidly assessing 

land-cover over large areas. The Global Positioning System (GPS) is a relatively new 

technology for collecting position information. Aerial video offers a means for 

inexpensively collecting large volumes of high resolution imagery. The use of GPS to 

reference aerial video provides a method for rapidly acquiring transect samples of imagery. 

Aircraft can quickly cover large distances and are not limited by ground accessibility. 

Video offers a means for rapidly acquiring a large volume of continuous imageI)'. 

Marsh et al. (1993) demonstrated the utility of aerial video for accuracy 

assessment of a TM derived multi-spectral classification. Aerial video images were 

collected over a tropical rainforest in Brazil. A sample of images was collected from 

transects and visually interpreted. The video observations were compared against the 

classified map. The study demonstrated that video could be used in lieu of ground 

observations in an environment which was otherwise inaccessible. 

Aerial video examples from the Arizona Gap study and early results from an 

ongoing aerial survey in Saudi Arabia indicate that oblique, GPS referenced, color video 

can provide an excellent source of "ground truth" for accuracy assessment of global scale 
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land-cover maps. Video offers a continuous transect sample of high resolution imagery. 

In low altitude, high resolution video, some vegetation types can be identified to the 

species level (Drake, 1995, personal communication). With the incorporation of position 

infonnation from GPS, video observations can be easily incorporated into a GIS for use in 

conjunction with other data layers. GPS referenced aerial video shows considerable 

promise as a land-cover mapping accuracy assessment tool. 

2,9 Future Directions 

A VHRR is a legacy remote sensing system: designed in the 1960s, it has been 

operational in its present form since the 1980s, and will be discontinued in the 1990s. 

Terrestrial observations have been made using the odd numbered series of NOAA 

satellites - NOAA 7, 9 and 11, which acquire data in the afternoon. In September of 

1994, the latest of this series, NOAA-II, ceased transmitting. Earlier in 1994, Landsat 6, 

which was to replace an inoperative Landsat 4 and a failing Landsat 5, experienced a 

catastrophic launch failure and crashed in the Pacific Ocean. The loss of these satellites 

represents a disastrous setback to the U.S. remote sensing program. 

Despite recent U.S. failures, remote sensing systems are proliferating among 

European and Asian nations. France operates the two SPOT satellites, which provide the 

highest resolution multi-spectral and black and white imagery on the market The 

European Space Agency operates the ERS-l, which collects radar imagery. India has its 

multi-spectral IRS satellite. Russia has entered the remote sensing market by releasing 

imagery collected by its military satellites. Japan operates JERS-l, a multi-spectral and 
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radar system and the MOS series of satellites, which carry A VHRR-like multi-spectral 

sensors used to support fisheries activities. Saudi Arabia has recently indicat:d interest in 

a partnership with Orb View, a private international effort to launch a high resolution 

panchromatic and multi-spectral sensor (pE&RS News, 1995). 

Future U.S. efforts center around EOS, intended as a comprehensive data 

collection system for environmental remote sensing and global change (Running etal., 

1994). The new system, as currently proposed, will consist of two sun-synchronous 

orbital platforms, with the first launch scheduled for 1998 and the second for 2000. Daily 

acquisition is planned: the first platform, EOS-AM will acquire at 10:30 am each 

morning; the second, EOS-PM will acquire at 1:30 pm each afternoon. Each platform will 

mount a suite of sensors designed to acquire simultaneous observations. 

The EOS suite includes sensors for measuring atmospheric, oceanic and terrestrial 

environmental processes; the Moderate Resolution Imaging Spectroradiometer (MODIS) 

is the primary terrestrial sensor. MODIS is intended to be an improved replacement for 

A VHRR. MODIS will collect imagery in the spectral region between 0.415 and 14.235 

Jj.m. It has configurable spatial and spectral resolution: it can collect two spectral bands at 

250 m, five at 500 m and 29 at 1000 m. Swath width will be 2330 lan. Like A VHRR, 

MODIS will collect global coverage on a daily basis. 

Equally ambitious efforts are focussed on the pre-processing, analysis and of 

MODIS data. One of the objectives of the current A VHRR Pathfinder project is to 

develop a baseline data set similar in format and content to data expected from MODIS. 



The Pathfmder data set serves a test vehicle for developing new algorithms. Improved 

radiometric, atmospheric and geometric procedures have been proposed. Significant 

consideration is being placed on developing new vegetation indices, although NDVI will 

remain as the "continuity index" for comparison with existing A VHRR data sets 

(Running et.al, 1994). Numerous post-processed data products have been proposed, 

including albedo, land surface temperatures and several biophysical measures for 

estimating carbon fluxes. A generalized land-cover data product, based on a rule-based 

approach is also proposed (Running et al., 1994). Distribution of MODIS data is 

expected to be made possible through the Internet or subsequent global data networks, 

replacing the need for 9-ttack tapes, CD-ROM and other physical media. 
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3. DATA SET DEVELOPMENT 

3.1 EDC pata Set pescription 

Automated extraction of land-cover infonnation from raw satellite data requires 

numerous quantitative procedures. This study benefitted greatly from the availability of 

the Contenninous U.s. AYHRR Biweekly Composites. Several of the more laborious 

and time consuming pre-processing procedures were performed by the EDC. The EDC 

geo-referenced, calibrated and temporally compo sited raw A VHRR imagery from NOAA-

11 into a series of biweekly composites. These composites were written to CD-ROM for 

publication, which served as the starting point for this study. Additional pre-processing 

steps, such as subsetting and thennal correction, were required prior to developing the 

rule-based classification model. 

The Contenninous U.S. AYHRR Biweekly Composites on CD-ROM is a 

standardized product offered for sale by EDC. Each disk costs $32.00. There are six 

years of data currently available, spanning 1989 to 1994. Each A VHRR observation 

includes channels 1-5, an NOVI image, satellite zenith, relative azimuth and the date of 

acquisition. Each image covers the entire conterminous United States, as well as portions 

of southern Canada and northern Mexico. 

Raw imagery for the EDC data set was collected by the A VHRR on NOAA-II. 

The satellite began operation August 11, 1988 and ceased returning imagery on 

September 13, 1994. The platform orbits at an altitude of approximately 833 km, at an 

inclination of approximately 99° at a period of 102 minutes. The orbit precesses 25° 



degrees daily to achieve a sun-synchronous orbit, with day light acquisition occUlTing 

over the United States in the afternoon at approximately 2:30 pm. Two images were 

returned daily - one of the eastern U.S. and one of the western U.S. 

The A VHRR aboard NOAA-II is a five channel filter-wheel 

spectrometer/radiometer (Hastings and Emery, 1992). 

Table 3.1. AVHRR characteristics 

Channel Wavelength (J,.lm) Description 

1 0.58-0.68 visible (red) 

2 0.73-1.05 reflected infrared 

3 3.55-3.92 reflected/thermal infrared 

4 10.30-11.30 thermal infrared 

5 11.50-12.50 thermal infrared 
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A VHRR has a instantaneous field of view (IFOV) of 1.3 milliradians, and overall 

field of view of 55.4° on each side of nadir. This geometry gives a nominal ground field 

of view of 1.1 km at nadir, widening to >6 km at the edges. Each image spans 2048 

pixels, a distance of approximately 2800 lan. 

A VHRR produces four types of data. High Resolution Picture Transmission 

(HRPT) is full resolution data transmitted real-time for reception by ground stations. 

GAC is resampled on board to 4.4 Ian and stored on tape for delayed transmission to 

ground stations in the U.S. Large Area Coverage (LAC) is 1 kIn data which is stored on 
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tape for delayed transmission. Automatic Picture Transmission (AP1) is a high power, 

low resolution broadcast intended for VHF ground stations (Hastings and Emery, 1992). 

In 1990, EDC began collecting daily HRPT imagery as part of their program to 

create a series of calibrated, geo-registered biweekly composite images (EDe, 1994). 

The purpose of the compositing is to create a single image, as free of clouds as possible, 

which covers the entire contenninous U.S .. Daily images accumulated over each 14-day 

compositing period are combined into a single composite image. Pixels from each daily 

image selected for the composited on the basis of the peak NDVI value within the 

compositing period. 

In order to compare observations over time, A VHRR images must be 

radiometrically calibrated. Channels I and 2 are calibrated by EDC using time dependant 

coefficients developed by Teillet and Holben (EDe, 1994). Their approach uses a 

piecewise linear fit of NOAA-II observations of presumably stable desen ground sites to 

estimate post-launch degradation in the A VHRR sensor. In addition, the imagery is 

corrected for solar illumination variability. Radiometric calibration and solar illumination 

corrections were applied using the following equation: 

R = ( d * d/z) * kb (DNa Dn.) 

where: R is percent reflectance 
d is mean earth sun distance in astronomical units 
z is the cosine of the solar zenith angle 
k is the mean solar flux 
b is the gain coefficient 
DNa is the digital nwnber from the ground 
ON. is the deep space digital number 

Eq.3.1 
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Channels 3, 4 and 5 are calibrated using on-board calibration coefficients. These 

values were derived from observations of a blackbody carried on-board NOAA-II and 

views of deep space. The thermal calibration is applied using the following equation: 

E=a+b(DN) Eq.3.2 

where: E is energy in milliwatts/meter-steradian-cm·1 

a is the intercept 
b is the gain coefficient 
DN is the digital number 

After radiomenic calibration, pixel values were scaled to fit into a 0-255 byte 

range. Reflectance values were converted so that values of 0 - 63.5 were stretched 

across 0-254, dividing the values into bins 0.25 percent wide. Values greater than 63.5 

were assigned 255. Thennal values were converted to brightness temperature units-

Kelvin - using the inverse of Planck's radiation function. Brightness temperatures were 

scaled from 0 to 255 by subtracting 202.5 and multiplying the difference by 2. Values 

falling within the 0 to 255 range are easily stored as 8 bit bytes. 

Daily A VHRR images were geo-referenced by registering them to a base image. 

The base image was created by assembling 20 near-nadir cloud free segments acquired 

between 1989 and 1990. Only channel 2 was used. These image segments were 

registered to the USGS 1 :2,000,000 hydrography digital line graph (DLG). The DLG 

was rasterized to 1 km grid cells and transformed into Lambert Azimuthal Equal Area 

(LAZEA) projection (appendix A). Image features were manually matched to the map 

features. The image segments were geomenically warped to fit the map and mosaiced 
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together. The overall fit for the entire conterminous U.S. base image has been verified to 

a root-mean-square error (RMS) of less than 1.0 kIn. This image serves as the base 

image for registering daily observations (EDC, 1994). 

Daily observations are geometrically corrected using image to image correlation. 

Channel 2 imagery is first corrected using the satellite orbit model. Next, it is correlated 

with the base image using 255 ground control points to detennine geometric 

transformation coefficients. These coefficients are applied to channels 1-5, the NOV! and 

satellite geometry layers using nearest neighbor resampling. 

Daily observations are composited over the 14-day period. Pixels are retained 

from daily images based on the occurrence of the peak NDVI value. The underlying 

assumption is that values less than 100 in the NDVI images represent clouds, snow or 

water while vegetative surfaces have values greater than 100 (EDC, 1994). Each pixel is 

evaluated independently of its neighbors; as a result, adjacent pixels may have been 

acquired on different dates, and with differing view geometries. To track these 

differences, EDC provides data layers for satellite zenith, solar zenith, relative azimuth 

and date of acquisition. 

The results of EDC's image pre-processing has been written to a set of 33 CD

ROM spanning 1989 through 1994. Each disk typically contains imagery for four 

compo siting periods, cartographic data layers for political boundaries and water bodies, 

in both raster and vector format, and supporting tabular information. A simple, public 



domain image processing package, called IMDISP, is supplied on each disk for 

manipulating the imagery. 
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This study has been limited in scope to the disks encompassing the compo siting 

periods between 1990 to 1992. These disks were the only ones available at the time when 

this project was started. There are 17 disks, covering 61 compositing periods. The 

majority of the compositing periods were 14 days in length, although the periods at the 

beginning and end of the years, outside the "growing season" as defined by EDC, were 28 

days long (EDC, 1994; appendix B). 

3.2 Ima&e Quality Assessment 

Like the GVI product discussed in Chapter 5, the EDC A VHRR images are prone 

to view angle problems, misregistration and cloud contamination. The compositing 

procedure selects pixels on the basis of peak NOVI values. Adjacent pixels may have 

been acquired on different dates, with different viewing angles and illumination conditions. 

The result is visible in the imagery as speckling and striping. Speckling is present to 

some degree in all images. Striping is the result of compositing large rectangular strips 

images together. Striping is most prominent in period 14 of 1991. 

Smearing and feature duplication occurs when images which are not properly 

registered are composited. Smearing is present in all images. Geometric misregistration 

between dates within a compositing period causes sharply defined features, such as rivers 

and mountain fronts, to be blurred over a distance of several pixels Duplication occurs 

when the registration error exceeds the dimensions of a feature. Pixels depicting features 
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with bright NOVI values, such as riparian and agricultural areas are selected and 

overwrite the background. The most severe example of feature duplication is present in 

the image for period 12, 1992, where the agriCUltural area adjacent to the Gila River is 

completely duplicated, resulting in an image which shows two, parallel rivers flowing out 

of Phoenix. 

Although the data set is composited over a 14 day period to reduce the effects of 

clouds, cloud contamination does occur when there are no cloud free days within the 

compositing period. The cloud contamination is evident in the color composite images as 

speckles and pink milky tones. The speckles are single pixels which are entirely cloud 

filled. These features are common in the southem deserts. The milky tones represent 

areas of cloud contamination. The milky areas are more common in the mountain areas. 

This pattern of cloud contamination can be best explained in the context of the 

regional atmospheric circulation. During the summer months between June and 

September, seasonal monsoon circulation brings moist air into the region from the 

southeast Thermal and topographic lifting causes high-based cumulonimbus clouds to 

form by early afternoon. These clouds scatter over the desert portions of the state and 

cluster over the mountainous portions of the stale. NOAA-II acquires its imagery in the 

afternoon. As a result, cloud contamination is present throughout the study area, but is 

more pronounced in the mountainous areas during the summer months. 
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3,3 Data Set Extraction and Correction 

The majority the data processing specific to this study was performed on a Sun LX 

Classic workstation at the Arizona Remote Sensing Center (ARSC) at the Office of Arid 

Lands Studies (OALS). This unix based workstation is equipped with Environmental 

Systems Research Institute (ESRI) ARC/INFO Software. ARC/INFO is a vector based 

GIS which is divided into separate modules for, editing, plotting, network analysis, terrain 

processing and raster analysis. Initially version 6.0 of ARCIINFO was used; this was 

upgraded to 7.0 in March of 1995. 

The rule-based model and supporting analyses were written in ARC Macro 

Language (AML). AML provides a simple programming language for assigning 

sequences of ARCIINFO commands. The majority of operations were performed in the 

ARC!INFO GRID module and Tables database environment. GRID provides tools for 

operating on raster data sets. AML loops and function calls were used to sequence GRID 

functions and deliver their tabular results. 

In addition to Sun ARCIINFO, a number of other software packages were used. 

Initial work on this project took place using ERDAS 7.5 on a Compaq 386. Prior to the 

acquisition of the Sun LX by ARSC in May of 1994, the Digital Image Analysis Lab 

(DIAL) Sun Sparc 10, running ERDAS Imagine 8.1 was used to run advanced image 

processing functions. After January of 1995, ERDAS Imagine 8.2 was installed on 

ARSC's Sun workstation. PC ARC/INFO, run on 386, 486 and Pentium machines was 

used occasionally for minor functions, such as map projection transformations. Other PC 



software, including Clark University IORISI, Adobe Photoshop, Trimble Pathfinder and 

IMDISP, was used for support functions. 
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It was necessary to limit the size of data set to dimensions which could be 

reasonably handled using the available hardware and software, while still providing a 

representative example of global land-cover types. This was one of the considerations 

which lead to the decision to limit the study area to Arizona. To extract a data set 

encompassing the state's boundaries, a rectangular area was defined 636 cells wide by 759 

cells long with its upper left most cell originating at LAZEA coordinates -1411594,-

761318. The rectangle is oriented to a grid north which is approximately 13° east of true 

north (figure 3.1). The upper most left cell corresponds to sample 1514, row 639 of the 

EDC contenninous image. Images for channels 1-5 and the NDVI were extracted for 

each of the 61 compo siting periods from the CD-ROMs. Raster layers for water bodies 

and the DEM were subsetted for the same area 

The NDVI images on the CD-ROM were calculated by EDC using A VHRR 

channels 1 and 2. To retain the greatest precision, NDVI was calculated after the 

radiometric calibration of these bands, but prior to scaling into the byte range. The NDVI 

equation produces results which are scaled between -1 and +1. These values were 

rescaled into a 0-200 range where -1 equals 0 and 1 equals 200 in order to approximate 

the byte range. 

An examination of the NDVI revealed an error in the EDC's calculation of the 

NDVI for several of the composite images (Hirosawa, 1995 personal communication). 



70 
(-1411594, -761318) 4 636 Columns .. 

t 

ARIZONA 

'N 

A 
o 100 200 km 

t::l ::=c==='I=====:::I' 
(-775594, -1520318) 

Figure 3.1 Study area 



71 

The EDC rescaled NOVI values with an original range from -1 to 1 to a range from 0 to 

200. Values below 100 represent non-vegetative surfaces, such as clouds and water 

bodies. Examination of the imagery showed that there were scaling errors in some of the 

pixels representing the non-vegetative surfaces, resulting in erroneously high NOVI 

values. These errors were identified in composite imagery for periods 3 through 19 in 

1990 and period 18 in 1991. As a result, it was necessary to recalculate the NDVI values 

using the imagery for channell and 2 as provided on the CD-ROM. The recalculated 

images were substituted for those extracted from the EDC data set. 

Atmospheric attenuation of thermal radiation sensed by A VHRR can introduce 

significant errors in brightness temperature values derived from a single channel. It is 

possible, however, to correct for attenuation by using the difference in spectral response 

between channels 4 and 5. This technique uses channels 4 and 5 as spectral" windows"

hence it has been dubbed the "split-window" method. Several split window correction 

models have been developed. The model developed by McClain, etal. (1983) has ~hown 

the best results for terrestrial observations (Cooper and Asrar, 1989). The model 

establishes that Tc' surface brightness temperature, can be determined using the 

following relationship: 

Tc(4,5) = 1.035(ch.4) + 3.046 (ch.4 - ch.5 ) - 10.789 Eq.3.3 

Channels 4 and 5 for each of the compositing periods were corrected using this 

equation. The images in the EDC data set were scaled between 0 and 255. In order to 

apply the split window correction, it was necessary to rescale them to Kelvin units by 
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dividing the values by 2 and adding 202.5. The McClain et al. (1983) equation was then 

applied to the rescaled images to create a single brightness temperature image for each 

compo siting period. 

In addition to the Contenninous U.S. AYHRR Data Set, EDC has published the 

Contenninous U.S. AYHRR Companion Disk. This CD-ROM contains a number of 

thematic layers which have been registered to the EDC data set. Many of the layers are 

presented in raster and vector form. Two layers were extracted in raster form for use in 

this study: water bodies and the Digital Elevation Model (OEM). The water bodies layer 

was derived from the USGS 1 :2,000,000 hydrology digital line graphs (DLG). Polygons 

were extracted from the DLG, rasterized into 1 km grid cells and projected into LAZEA 

projection. 

The OEM layer is derived from 30" elevation data distributed by the National 

Geophysical Data Center (NGDC). This data set was originally created by the U.S. Army 

Mapping service by assigning an elevation in feet above mean sea level to an 87.9 m UTM 

grid cell. The Defense Mapping Agency (DMA) subsequently resampled the data to a 3" 

grid. NGDC further resampled the DMA elevations by every tenth line and sample and 

rounded elevations to the nearest 20 foot interval to create their 30" OEM product. EDC 

projected the NGDC OEM into the LAZEA projection, using bi-linear inteIpolation to 

assign elevation values into 1 km grid cells. One additional step was performed on the 

OEM at ARSC: elevation values were converted from English units, feet above mean sea 

level, to metric units, as meters above mean sea level. 
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This processing of the EOC data set created a corrected data set for the state of 

Arizona. The resulting data set has three primary components. The first is a 61 date 

sequence of NOVI images. The second is a 61 date sequence of temperature images, 

depicted in Kelvin units. The third is a OEM, with values in meters above mean sea level 

(figure 3.2). 

3.4 DeyeJopine the KnowJedee Base 

The Brown and Lowe 1973 Natural Ye&etatiye Communities of Arizona map was 

selected to serve as the primary source of a priori land-cover information for developing 

the rule based 1T'0del. This map was selected after ex~ning the suitability of a number 

of existing land-cover maps covering the study area. For this study, it was desirable to 

select a base map with general land-cover classes and a relatively large minimum mapping 

unit. In addition to the Brown and Lowe map, numerous candidates for the base maps 

were considered, including the Anderson LULC maps, Beck and Humpherys (1963) 

vegetation map of Arizona, KUchler's (1964) national vegetation map, Omemik's (1987) 

ecoregions maps. When compared with these other sources, the Brown and Lowe map 

proved to be the best selection because of its scale, number of classes and generalized 

polygons. 

The Brown and Lowe map is not a land-cover map in its strictest sense, but is 

better described as a vegetation map. The classification scheme was developed by C. 

Lowe, a University of Arizona plant biologist. The classification scheme was driven by 
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the needs of the Arizona Game and Fish Department to suppon studies of wildlife. 

Thineen classes of natural vegetation are defined as follows: 
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Class 1. Tundra. Complete name: Alpine Tundra. This class is obseJVed only at 

one location within the state, above the timber line of the San Francisco Peaks. It is 

associated with rock outcrop and alpine meadow. Mean annual precipitation ranges from 

890 mm to 1020 mm. Most precipitation falls as snow. Elevation ranges from 3353 m to 

3862 m. Indicator plants include: avens Geum trubinaturm, tundra saxifrage Saxifraga 

caespitosa, circum polar cinquefoil Potentilla sibbaldi, tundra bluegrass Poa rupicola, 

alpine fescue Festuca ovina and spike triselum Trisetum spicatum. 

Class 2. Fir Forest Complete name: Spruce-Alpine Fir Forest. This class is 

present on most of the higher mountains in the state. The major species are conifers which 

create a dense canopy. Mean annual precipitation ranges from 760 mm to 1140 mm. 

Most precipitation falls as snow. Elevation range from 2591 m to 3505 m. Indicator 

plants include: Engelmann spruce Picea engelmanni, blue spruce Picea pungens, alpine fir 

Abies lasiocarpa, white flf Abies con color, Douglas flf Pseudotsuga menziesi, bristlecone 

pine Pinus aristata, limber pine Pinus flexilis, Rocky Mountain Maple Acer glahrum. 

bitter cherry Prunus emarginata, thin-leaf alder Alnus tenuifolia, scouler willow Salix 

scouleriana and quaking aspen Populus tremuloides. 

Class 3. Conifer Forest Complete name: Montane Conifer Forest. This class is 

found in the mountainous pan of the states and represents generally unbroken areas of 

ponderosa pine. Mean annual precipitation ranges from 510 mm to 760 mm. Elevation 



ranges from 1676 m to 3048 m. Indicator plants include: ponderosa pine pinus 

ponderosa, Douglas-fIr Pseudotsuga menziesi, white fir Abies con color, limber pine 

Pinusfiexilis, Mexican white pine pinus ayacahuite, gambel oak Quercus gambeli, 

silverleaf oak Quercus hypoleucoides, madrono Arbutus arizonica, locust Robinia 

neomexicana and bigtooth maple Acer grandidendaturm. 
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Class 4. J-P Woodland. Complete name: Juniper-Pinyon Woodland. This class is 

found in semi arid areas of the state, often covering the transitional slopes between 

mountain and desert ecosystems. Density of the canopy varies considerably; where it is 

less dense, and understory of shrubs and grasses may be present. Mean annual 

precipitation varies from 300 mm to 530 mm. Elevation ranges from 1676 m to 2286 m. 

Indicator plants include: Colorado pinyon Pinus edulis, Utah juniper Juniperus 

osteosperma, one-sead juniper Juniperus monosperma, singleleaf pinyon Pinus 

monophylla, Rocky Mountain juniper Juniperus scopulorum. 

Class 5. Chaparral. Complete name: Chaparral-Interior chaparral. This class is 

found in transitional areas between the woodland and desert classes. Mean annual 

precipitation reanges from 380 mm to 640 mm. Elevation ranges from 1219 m to 2134 m. 

Indicator plant: scrub oak Quercus turbinella. 

Class 6. O-P Woodland. Complete name: Encinal and Mexican Oak-Pine 

Woodland. This class is primary limited to the semi-arid, southern portion of the state. 

Mean annual precipitation ranges from 300 mm to 610 mm. Elevation ranges from 1067 

m to 2124 m. Indicator plants include: Chihuahuan pine pinus leiophylla, Apache pine 
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Pinus engelmanni, Mexican pinyon pine pinus cembroides, alligator-bark juniper 

Juniperus deppeana, Emory oak Quercus emoryi, Arizona oak Quercus arizonica, 

Mexican blue oak Quercus oblongij'olia, silverleaf oak Quercus hypoleucoides, netleaf 

oak Quercus rugosa, madrono Arbutus arizonica, Arizona cypress Cupressus arizonica. 

Class 7. Grassland. Complete name: Plains and Desert Grassland This class is 

dominated by short graminous species. It may occur in pure stands, or intermixed with 

shrubs and low trees. Large areas of contiguous grasslands are located in the north 

eastern portion and southeastern portion of the state. Mean annual precipitation ranges 

from 200 mm to 380 mm. Elevation ranges from 1067 m to 2134 m. Indicator species 

include: blue grama Boutcloua gracilis, black grama Bouteloua eriopoda and sideoats 

gramma Bouteloua curipendula. 

Class 8. Mt Meadow. Complete name: Mountain Meadow. This class represents 

only a small area in the state and is observed in the White Mountains. Mean annual 

precipitation ranges between 510 mm and 890 mm. Elevation ranges between 2286 m and 

3048 mm. Indicator plants include: Arizona fescue Festuca arizonica, pine dropseed 

Blepharoneuron tricholepis, and blue gramma Boutcloua gracilis. 

Class 9. Great Basin. Complete name: Great Basin Desertscrub. This cool desert 

class is located in the high plains of the northeastern part of the state. It is characterized by 

low, widely spaced shrubs. Mean annual precipitation 180 mm to 300 mm. Precipitation 

is evenly distributed throughout the year. Elevation ranges from 914 m to 1981 m. 

Indicator species include: sagebrush Artemsisa tridentata and A. nova, blackbrush 



Coleogyne raimosissima, shadscale Atriplex conleri/olia, horsebrush Tetradymia 

canescens, winterfat Eurotia lanata and Monnon-tea Ephedra viridis. 
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Class 10. Mohave. Complete name: Mohave Desertscrub. This hot, low desert 

class is limited to the northwestern and western portions of the state along the border with 

Nevada and California. It is characterize by low, widely space shrubs. Mean annual 

precipitation ranges from 130 mm to 280 mm. Precipitation falls primarily in the winter 

months. Elevation ranges from 244 m to 1585 m. Indicator species include: joshua tree 

Yucca brevi/olia, Mohave yucca Yucca mohavensis, banana yucca Yucca baccata, 

creosote bush IArrea divaricata, white burs age Abrosia (Franseria) dumosa, woolly 

burs age Ambrosia (Franseria) eriocentra. 

Class 11. U. Sonoran. Complete name: Sonoran Desertscrub-Arizona Upland 

Subdivision. This warm desert class is found in zone extending from the southeastern 

portion of the state towards the middle western portion of the state. It is characterized by 

sometimes dense stands of trees, cacti and shrubs. An understory of perennial grasses may 

be found between larger plants in more open areas. Mean annual precipitation ranges 

from 130 mm to 330 mm. About half the precipitation falls during the winter months and 

the half during the summer months. Elevation ranges from 152 m to 1219 m. Indicator 

species include: foothill paloverde Cercidium microphyllum and sahuaro Cereus giganteus 

(alternatively: saguaro Carnegia gigantea). 

Class 12. L. Sonoran. Complete name: Sonoran Desertscrub-Lower Colorado 

Subdivision. This class is covers the southwestern quadrant of the state. It is found in the 
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lowest, hottest areas, descending across the low mountains and wide desert plains to the 

Colorado River valley. It is characterized by low, widely spaced shrubs. Perennials are 

found between the shrubs. Mean annual precipitation ranges from 80 mm to 250 mm. 

Precipitation is divided between summer and winter months. Elevation ranges from 30 m 

to 914 m. Indicator species include: Creosote bush Larrea divaricata and white bursage 

Ambrosia (Franseria) dumosa. 

Class 13. Chihuahuan. Complete name: Chihuahuan Desertscrub. This desert 

class is limited to the valleys of the southeastern Arizona. It is characterized by low, 

widely space shrubs. Mean annual precipitation ranges from 200 mm to 360 mm. 

Precipitation is divided between summer and winter months, with the majority of the 

precipitation occurring during the summer. Elevation ranges from 975 m to 1524 m. 

Indicator species include: tarbush Fourensia curnua, whitethorn Acacia constricta and 

sandpaperbush Mortonia scabrel/a. 

These class distinctions are a combination of physiographic and floristic, with a 

consideration of physiography and timing of precipitation inputs. Although the 

classification lacks a hierarchical structure, some of the class distinctions are minor, while 

others are major. Some of the classes are similar to one another, separated by floristic 

distinctions only. The distinction between J-P Woodland and o-p Woodland, for 

example, is a matter of species composition; they are otherwise very similar in terms of 

physiography and structure. 



80 

The purpose of the map was to depict natural vegetation communities. As a result, 

agricultural and urban areas were not included as separate classes. Instead, an estimate of 

the potential natural vegetation was depicted for these areas. Also lacking are specialized 

vegetation types which typically cover only small areas, such as riparian and wetland. 

Although these vegetation types are recognized as critical components on natural 

ecosystems, they have been omitted because of the small size. Open water is included as a 

class, and the definition is expanded to include both Wilcox Playa and Red Lake, two 

large, normally dry lake beds. 

The map was digitized and updated for use in the rule-based model. The map was 

initially digitized as part of a class project in Geography 696F: Research Methods, in the 

Spring semester of 1992. A paper copy of the map, at a scale of 1 :500,000, was used 

as the source. The map was mounted on a Calcomp 9100 series digitzing tablet, and 

digitized using PC ARC/INFO. The map was digitized into UTM zone 12 coordinates 

and rasterized to 1 km grid cells for use in the raster based modules of ERDAS. The 

UTM version of the map was subsequently projected into LAZEA. 

Agricultural and urban areas cover significant areas of the state, especially in the 

south central portion. These land-cover types, especially irrigated agricultural land, are 

texturally complex, exhibit a wide range of annual NOVI and thermal values and are more 

seasonally dynamic than natural vegetative communities (Kliman, 1987). As a result, it 

was desirable to separate these areas from more naturally vegetated areas. 
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Although the Brown and Lowe map does not identify agricultural or urban areas, 

the 1963 Arizona Natural Ye&etation map does depict these land-cover types. This map 

served as the basis for identifying agricultural and urban areas. Polygons for agriculture 

and urban areas were digitized and overlayed on top of a false color composite of bands 1 

and 2 of the period 14 (08/07-08/20) A VHRR image for 1992. This image was chosen . 

because it shows cotton, one of the more prevalent crops in Arizona, near its time of peak 

green up. Urban and agricultural polygons were updated by visually comparing the false 

color composite to the mapped polygons. The size and shapes of urban and agriCUltural 

polygons were updated and new areas added using on-screen digitizing. The new version 

of the urban and agriCUltural coverage was rasterized to 1 km grid cells in LAZEA 

projection. Polygons from the new coverage were added to the Brown and Lowe map to 

create a vegetative communities grid which includes agriculture and urban areas. In 

addition, waterbodies from the EDC ancillary data set were added to the map. The result 

is a revised version of the Brown and Lowe map which includes additional land-cover 

classes for agriculture, urban and water (figure 3.3) 
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4. DATA CHARACTERIZA nON 

4,1 Petennination of NDYI phenology 

The tempora] dimension of A VHRR NDVI imagery is especially valuable for 

extracting information on seasonal vegetation dynamics. A number of pertinent land-cover 

characteristics can be determined from the images contained in the data set. Plots of 

NDVI over time provide characteristic curves for some land-cover types. These 

"tempora] signatures" are useful for identifying vegetation types (Lloyd, 1990; Townshend 

et al., 1987; Justice et al., 1985). Temporal signatures for each of the 13 Brown and 

Lowe land-cover types were created by calculating the mean NDVI value within each 

land-cover polygon for each compositing period. Mean NDVI values, expressed using 

the EDC scaling between 0 and 200, were plotted as a function of time, producing a set of 

curves which describe the phenology of each land-cover class for 1992. For the pwposes 

of comparison, the curves are grouped into four generalized categories (figure 4.1). 

Table 4.1. Grouping of Brown and Lowe classes for phenology curves 

Mountain Woodland/Chaparral Northern Deserts Southern Deserts 

Tundra J-P Woodland Grassland U. Sonoran 

Fir Forest Chaparral Great Basin L. Sonoran 

Conifer O-P Woodland Mohave Chihuahuan 

Mt. Meadow 

The NDVI phenology curves show a number of commonalities and distinctions 

that distinguish land-cover types. The signatures for the Mountain classes are similar in 
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shape to one another. These curves have low NDVI values in the beginning of the year, 

when there is snow cover. The curves are bimodal: there are two peak periods, one in 

June and second peak periods falling within September and October. Values show a wide 

range, from lows typically in the 120 to maximums all exceeding 140. 

The Woodland/Chaparral classes are similar in shape to one another, and mirror 

the shape of the Mountain Classes, but with less range. Values for the Chaparral and o-p 

Woodland vary between lows in the 120s and highs in low 130s. The values for J-P 

Woodland are systematically lower, with lows in the 110s and highs not exceeding 130. 

Phenobgy curves for the Nonhern Deserts are similar in range to one another but 

have different shapes. Grassland shows a gradual rise from January to a peak in late June, 

with a second peak in September. Great Basin mimics this pattern, but with lower NDVI 

values. In contrast, the Mohave shows peak values in April which throughout for the 

remainder of the summer. There is a slight increase in September and October. 

U. Sonoran and L. Sonoran possess similar curve shapes to the Mohave, with the 

exception that they show a more pronounced rise in the fall. The L. Sonoran curve has 

consistently lower values than the U. Sonoran curve. Chihuahuan is more similar in shape 

to the Grassland and Great Basin class than to the two Sonoran classes, peaking in June 

and July and again in September. 

Most of the curves for each class are similar between years (appendix C). An 

exception are the 1990 curves, which show a sharp depression in compositing period 10. 

This depression corresponds to the second two weeks'in July. Examination of the color 
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composite image shows that there are significantly more clouds in this image than in any 

other of the biweekly composites. As a result, imagery for period lOin 1990 was 

discarded from further analyses. 1991 curves for Mt. Meadow and Tundra have more 

erratic shapes than in the other two years. These classes were represented by small 

samples in the Brown and Lowe map: Tundra was represented by only 8 cells, while Mt 

Meadow was represented by 186 cells. As a result, these classes are more sensitive to the 

effects of noise, misregistration and cloud contamination. The other classes are 

represented by greater numbers of cells. 

Values for NortheIll and Southern Desens for 1991 were all lower than in 1990 

and 1992. Between year differences are most pronounced for the Grassland class. This 

curve has overall lower values than curves for the other years, and does not have as 

pronounced rise in the September compositing periods. This difference may be the result 

of variability in temperature and precipitation. The desert classes, especially Grassland 

are dominated by annual species which are sensitive to year to year climatic variability. 

4.2 petennination of Seasonal Tbennal Patterns 

Annual temperature curves for were plotted for each Brown and Lowe class 

(figure 4.2). Predictably, the curves have crescent shapes, starting with low values in the 

winter months, showing peak temperatures in the periods corresponding to July and 

August, and dropping again with the return of winter at the end of the year. Low and 

high values vary with land-cover class - the mountain classes are systematically lower than 

the Woodland/Chaparral and the Northern Deserts are typically cooler than southern 
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desert classes. In some cases, the curves were nearly indistinguishable. Temperatures 

for the three woodland/chaparral classes were almost identical. Grassland and Great Basin 

also showed extremely similar temperature regimes. Thermal curves for the mountain 

classes begin with temperatures which average around freezing and show little change 

during the frrst three compositing periods. These stable temperatures are most likely due 

to the presence of snow cover. 

Cloud contamination is visible as dark tones in the thermal imagery. The 

contamination has only minor effect on the thermal curves. A slight depression is visible 

in the Mountain and Woodland/Chaparral classes in July and Allgust compositing periods. 

The effect is less visible in the thermal curves than the NOV! curves for two reasons: the 

seasonal range of the thermal curves is greater, and the cloud contamination occurs during 

the months of peak annual temperatures. An exception is the Mt Meadow class, whose 

curves show large, single date dips. The 1991 thermal dip corresponds with a similarly 

large dip in the NOVI curve, the 1990 dip does not have a large corresponding NOVI dip. 

4,3 Comparison with Climatic Summaries 

The temporal patterns developed from the NOVI and thermal data were compared 

with climatic data from stations within ten of the 13 land-cover types. No stations were 

located within Tundra, Fir Forest or Mt. Meadow. Measurements for monthly average 

peak daily temperature and total monthly precipitation have been plotted (figure 4.3). 

The climatic summaries were constructed using the National Climate Data Center 

(NCDC) Summary of the Day, a CD ROM product published by Earth Info Inc. 
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The ten stations were selected on the basis of proximity to known population centers and 

length of the recording period. They are not spatially representative of the cover types 

with which they are associated. 

The shapes of the A VHRR derived temperature curves and the climatic curves are 

similar, showing the annual seasonal variation in temperature. The temperature values are 

not comparable: the NCOC values are measurements of mean monthly maximum daily air 

temperature, while the A VHRR values are instantaneous radiative temperatures of sun lit 

surfaces measured mid-afternoon. As a result, the A VHRR derived temperature values 

are systematically higher. and show more variability. 

The NOV! phenology curves reflect the influence of climate on the plant 

communities. In the Mountain and Woodland classes, peak NOV! values are found during 

the summer months. when temperature and precipitin are greatest. Grassland. U. 

Sonoran, L. Sonoran and Chihuahuan curves show a greenup in the spring months, and a 

second greenup following summer precipitation. In contrast, the Great Basin and Mohave 

classes, which do not usually receive significant precipitation during the summer months, 

have peak NOVI values in the spring only. 

4.4 Creation of Characteristic Input Layers 

The NOVI and thermal curves show that there are characteristics can be used to 

separate land-cover classes. In order to use these characteristics in the rule-based model, 

the EOC data set was transformed into a series of representative data layers. Fifteen 



characteristics layers describing the NOVI phenology, thermal measurements and 

elevation were created (table 4.2) 

Table 4.2. Characteristic data layers: abbreviations and units 

NDVI Annual Spring Fall Units 

Mean MEANND MNNOSP MNNDFL 0-255 index 

Maximum MAXND MXNDSP MXNDFL 0-255 index 

Range CHANND CHNNDSP CHNDFL 0-255 index 

Skew SKEW - - 0-100 index 

Peak Date PDATE - - 1-21 date 

THERMAL 

Mean MEANTH - - Kelvin 

Maximum MAXTH - - Kelvin 

Range CHANTH - - Kelvin 

TERRAIN 

Elevation DEM meters 
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Eleven NDVI characteristics were chosen for use in this study. Li (1992) showed 

that mean NDVI values are useful for identifying land-cover classes. Seasonal and annual 

peak NDVI values, as well as timing of peak NOVI were selected on the basis of 

recommendations from studies ongoing at Jomada experimental range (McClaren, 1993, 

personal communication). Samson (1993) showed the value of using the range and skew 

of the NDVI to quantify phenology. 
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Three thennal characteristics were selected: peak, mean and range of thennal 

values were selected. Li (1992) demonstrated the utility of mean temperature. In 

addition, the thennal curves showed that peak and, to a lesser extent, range characteristics 

should be similarly useful. 

Elevation has been long proven to improve classification accuracy (Hutchinson, 

1982) Raw elevation values were chosen for use as a characteristic layer without 

modification. Although slope and aspect would have been desirable characteristics to 

extract from the elevation data, the large cell size and rounding of values results in 

systematic underestimation of slopes and erroneous aspect determinations (EDC, 1994). 

The annual NDVI mean was calculated as the arithmetic mean of all compositing 

periods within each year. There were 21 periods for 1992 and 1991, and 19 periods for 

1990. The annual maximum NDVI was determined by comparing values for all 

compositing periods and selecting the highest value. The annual range was calculated by 

subtracting the annual minimum NDVI value from the annual maximum NOVI value. 

The NDVI layers were not rescaled from the EDC data set; values for mean, maximum 

and range remained scaled 0 - 255. 

The phenology curves show that there are seasonal differences in NDVJ values. 

Mean, maximum and range values were calculated for the first and second half of each 

year. Compositing period 10 was selected as the annual midpoint for 1992 and 1991. 

Spring was defined as periods 1 - 10, while fall was defined as periods 11 - 21. There 

were two complications in selecting a midpoint for 1990: the data set for this year started 
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in March, and period 10 was unusually cloudy. Spring was defined as period 1 - 8, while 

fall was defmed as periods 9 - 19. Period 10 was omitted from the calculation of mean, 

maximum and range because of cloud contamination. 

The shape of the NOVI curve was characterized on a pixel by pixel basis by 

means of a skew index (Samson, 1993). The skew index is expressed as a difference of 

percent area under the first part of the curve and the area under the entire curve. 

Skew = 100 - « area 1 st half of curve / area total curve ) * 100 ) Eq.4.1 

The area under the curve of each pixel's temporal trajectory was measured using 

the geometric method (figure 4.4). Intermediate layers were made representing the area 

of the base of each polygon and the triangular area at the top. A interval area was then 

calculated for sum of the base and the triangle. The interval area layers for periods 1-10 

were totaled to measure the area under first half of the curve; all of the interval layers 

were totaled to measure the total area. The skew index data layer was calculated using 

equation 4.1. The resulting characteristic layer has a range of 0 - 100, with most values 

clustering around 50. Skew index values less than 50 represent land-cover types which 

green up in the spring; skew index values greater than 50 represent land cover types 

which have higher green up values in the fall. 

The skew index for 1990 required additional refmement The 1990 data set begins 

in March rather than January, meaning that there is no data to calculate the area under the 

curve for the first three months of the year. The first deficiency was compensated for by 

using the period 1 image from 1991 as the starting point for the 1990 curves. In 
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addition, it was necessary to omit imagery from period 10 because of the cloud 

contamination. These operations resulted in a positive bias in the second half of the year. 

As a result, the skew index values were all increased by a value of approximately 3. The 

1990 skew index values cannot be compared with 1991 or 1992; however, they can still be 

used for within year comparisons of land-cover. 

The timing of the NOVI peak is another useful characteristic. The period on 

which the peak NOVI value occurred was identified on a cell by cell basis for each of the 

three years of data. The result was a set of three data layers, one for each year, with a 

range of 1 to 21, with the exception of the 1990 peak date layer, which has a range of 1 to 

19. 

Unlike the NOVI, there is no diagnostic phenological pattern when thermal values 

are plotted over time. Thermal values peak in the hot summer months and are lowest in 

the winter. Nonetheless, the annual mean, maximum and range provide useful indicators 

of the thennal characteristics of land-cover. Characteristic layers for mean, maximum and 

range were calculated for each of the three years. As with the NOVI characteristic layers, 

period 10 in 1990 was omitted. 

An elevation characteristic layer was extracted from the OEM provided on the 

EOC companion disk. Elevation values were converted from feet above mean sea level 

to meters above mean sea level. Slope and aspect were calculated on a trial basis. 

Examination of the results supported assertions in the literature that these two terrain 

measures are not meaningful when applied to 1 km grid cells. 
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4.5 Correlation Analysis of Characteristic Layers 

The similarity of characteristic layers was evaluated using correlation analysis. 

The correlation analysis was perfonned using ERDAS Imagine 8.2. A single 15 channel 

input image was made for each year, with each channel representing a characteristic layer. 

These images served as the input for a correlation analysis. 

Covariance is a measure of the mutual variation of a pair of properties about their 

common mean. In cases where the properties have different measurement uniUi, it is 

useful to use a correlation coefficient to describe the relationship. The correlation 

coefficient is a ratio of the covariance of two variables to the p~oduct of their standard 

deviations. 

where: r ~ = the correlation ratio 
COVjk = covariance of variable j and k 
Sj = standard deviation of variable j 
Sk = standard deviation of variable k 

Eq.4.2 

The correlation ratio is unitless number between -1 and 1, and may be expressed as 

a percentage between -100% and + 100%. A correlation of + 100 indicates a direct 

relationship between the variables; a correlation of -100 indicates a direct inverse relation 

between the variables. A zero value indicates no relationship between the variables 

(Fruend" 1979). For a comparison of multiple variables, it is useful to create a correlation 

matrix, which depicts the pairwise correlation between variable. Correlation matrices 

were calculated for 1992, 1991 and 1990 (tables 4.3-4.5). 



Table 4.3. Covariance matrix for 1992 characteristic layers 

fmANND MAXND iCHANND MNNOSP MXNDSP CHNDSP MNNOFL MXNDFL CHNOFL ~ MAXTIf 

MEANND 100.00% 91.76% 60.96% 95.38% 91.78% 50.31% 97.51% 92.92% 61.46% -60.12% -75.92% 

MAXND 91.76% 100.00% 82.26% 88.90% 95.52% 71.15'k 88.71% 91.91'l 71.03% -45.90% -61.95% 

CHANND 60.96% 82.26'l 100.00% 53.58% 73.80'k 82.33'k 62.95% 73.93'l 83.42% -39.40% -45.94% 

MNNOSP 95.38% 88.90'! 53.58% 100.00% 93.00% 45.09% 86.81% 81.61% 46.21% -43.34% -61.03% 

MXNDSP 91_78% 95.52% 73.80% 93.00% 100.00% 74.61% 85.75% 84.14% 58.26% -46.97% -61.82% 

CHNDSP 50.31% 71.15% 82.33% 45.09% 74.61% 100.00% 51.19% 56.70% 57.88% -35.65% -39.73% 

MNNDFL 97.51% 88.71% 62.95% 86.81% 85.75% 51.19% 100.00% 96.00% 69_18% -69.00% -82.55% 

MXNDFL 92.92% 91.91% 73.93% 81.61% 84.14% 56.70% 96.00% 100.00% 82.62% -61.84% -75.97% 

CHNOFL 61.46% 71.03% 83.42% 46.21% 58.26% 57.88% 69.18% 82.62% 100.00% -52.41% -58.32% 

MEANm -60.12% -45.90% -39.40% -43.34% -46.97% -35.65% -69.00% -61.84% -52.41% 100.00% 90.89% 

MAXllf -75.92% -61.95% -45.94% -61.03% -61.82% -39.73% -82.55% -75.97% -58.32% 90.89% 100.00% 

~HANllI -55.88% -50.71% -16.33% -60.75% -50.46% -12.62% -49.21% -46.45% -13.81% -0.71% 30.32% 

OEM 47.74% 34.36% 33.40% 29.42% 35.32% 32.54% 58.43% 51.06% 46.06% -92.48% -81.25% 

SKEW 35.24% 26.79% 31.98% 8.08% 15.34% 22.64% 53.10% 53.00% 56.60% -64.13% -61.55% 

POATE 35.39% 28.70% 28.55% 16.25% 14.74% 6.38% 47.39% 51.37% 53.67% -52.89% -51.55% 
--- --- -- -- -- -_ .. _---- ----
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~NND MAXND jeHANND 

MEANND 100.00% 94.17% 72.15% 

MAXND 94.17% 100.00% 86052% 

CHANND 72.15% 86052% 100.00% 

MNNDSP 97.41% 91.76% 67.63% 

MXNDSP 94.68% 96.22% 79.87% 

CHNDSP 54.99% 68.97% 82.10% 

MNNDA.. 98.32% 93.86% 73.23% 

MXNDA.. 95.99% 96056% 81.37% 

CHNDA.. 75.01% 83.78% 89.73% 

~ -68.83% -59.71% -50.69% 

MAX1H -80.82% -73.32% -59.27% 

~HANTH -45.20% -45.33% -24.56% 

DEM S1.07% 40.16% 31.91% 

SKEW 28.94% 30.39% 32.93% 

PDAlE 38.00% 37.03% 31.87% 

Table 4.4. Covariance matrix for 1991 characteristic layers 

MNNDSP MXNDSP CHNDSP MNNDA.. MXNDA.. CHNDA.. !MEANTH MAX1H ~HANTH 

97.41% 94.68% 54.99% 98.32% 95.99% 75.01% -68.83% -80.82% -45.20% 

91.76% 96.22'1: 68.97% 93.86% 96056% 83.78% -59.71% -73.32% -45.33% 

67.63% 79.87% 82.10% 73.23% 81.37% 89.73% -50.69% -59.27% -24.56% 

100.00% 95.67% 51.41% 92.07% 89.79% 68.33% -63.27% -76.11% -46.78% 

95.67% 100.00% 70.91% 90058% 90.97% 74.42% -61.55% -74.29% -45.11% 

51.41% 70.91% 100.00% 55.91% 60.71% 60.16% -43.45% -47.55% -15.91% 

92.07% 90.58% 55.91% 100.00% 97059% 17.73% -70.87% -81.76% -42.:;:>.% 

89.79% 90.97% 60.71% 97059% 100.00% 87.24% -67.24% -78.61% -41.54% 

68.33% 74.42% 60.16% 77.73% 87.24% 100.00% -55.56% -64.13% -25.05% 

-63.27% -61.55% -43.45% -70.87'1: -67.24% -55.56% 100.00% 87.48% -3.24% 

-76.11% -74.29% -47.55% -81.76% -78.61% -64.13% 87.48% 100.00% 33.10% 

-46.78% -4S. II % -IS.91% -42.35% -41.54% -25.05% -3.24% 33.10% 100.00% 

44.81% 42.02% 28.26% S4.28% SO.33% 40.96% -85.30% -67.39% 16.31% 

9.31% 14.42% 25.52% 43.61% 42.99% 41.24% -32.17% -33.73% -S.77% 

27.34% 25.18% 12.86% 45.18% 47.90% 46.8S% -38.06% -37.61% -S.91% 

DEM SKEW 

51.07% 28.94% 

40.16% 30.39% 

31.91% 32.93% 

44.81% 9.31% 

42.02% 14.42% 

28.26% 25052% 

54.28% 43.61% 

50.33% 42.99% 

40.96% 41.24% 

-85.30% -32.17% 

-67.39% -33.73% 

16.31% -5.17% 

100.00% 30.84% 

30.84% 100.00% 

45.32% 51.07% 

PDAlEi 

38.00% I 

31.03% i 

31.87% i 

27.34% 

25.18% 

12.86% 

45.18% 

47.90% 

46.85% 

-38.06% 

-37.61% 

-S.91% 

4S.32% 

51.07% 

100.00% 

\0 
00 



I.mANND MAXND piANND 

MEANND .~.OO% 91.03% 59.87% 

§~\)l MAXND ~ 3% 100.00% 84.48% 

CHANND 59.87% 84.48% 100.00% 

MNNDSP 96.82% 82.54% 46.8S% 

MXNDSP 92.66% 86.89% 61.03% 

CHNDSP 65.50% 71.81% 72.93% 

MNNDA.. 98.51% 93.62% 66.61% 

MXNDA.. 92.48% 96.98% 78.98% 

CHNDA.. 46.80% 71.15% 86.42% 

~AN1H -73.87% -56.28% -27.57% 

MAXTH -82.14% -67.78% -39.02% 

~HANlH -34.91% -37.33% -29.23% 

DEM 55.20% 41.92% 16.80% 

SKEW 37.53% 54.93% 64.14% 

PDAlC 15.64% 19.94% 16.00% 
--_._----- _._--

Table 4.5. Covariance matrix for 1990 characteristic layers 

MNNDSP MXNDSP CHNDSP MNNDA.. MXNDA.. CHNDA.. iMEANltl MAXTH 

96.82% 92.66% 6S.5W 98.51% 92.48% 46.80% ·73.87% -82.14" 

82.54% 86.89% 71.81% 93.62% 96.98% 71.1S% -56.28% -67.78% 

46.85% 61.03% 72.93~ 66.61% 78.98% 86.42% -27.57% -39.02% 

100.00% 94.79% 64.51% 91.39% 82.16% 31.10% -76.OS% -82.10% 

94.79% 100.00% 83.32% 88.00% 81.24% 36.70% -72.95% -77.81% 

64.51% 83.32% 100.00% 63.91% 62.40% 39.16% -54.36% -55.SO% 

91.39% 88.00% 63.91% 100.00% 96.26% 55.81% -69.83% -79.32% 

82.16% 81.24% 62.40% 96.26% 100.00% 73.98% -57.07% -69.20% 

31.10% 36.70% 39.16% S5.81% 73.98% 100.00% -9.15% -23.78% 

-76.OS% -72.9S% -S4.36% -69.83% -S7.07% -9.IS% 100.00% 88.7S% 

-82.10% -77.81% -SS.SO% -79.32% -69.20% -23.78% 88.75% 100.00% 

·31.63% -28.42% -14.44% -35.92% -38.63% -32.87% -4.77% 29.30% 

54.01% 51.07% 36.34% 54.09% 43.47% 2.70% -83.84% -67.08% 

16.91% 22.46% 30.70% 50.19% 60.18% 67.66% -16.29% -23.21% 

6.78% 1.96% -4.92% 21.11% 26.43% 25.31% -3.71% -8.55% 
-----

PlANlH DEM 

-34.91% 55.20% 
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Correlation ratios for the NOVI magnitude characteristics, MEANNO, MAXNO, 

MNNOSP, MXNDSP, MNNOFL and MXNOFL showed correlation coefficients which 

were consistently in the high 80s and low 90s. These results indicate a strong positive 

correlation between NOVI magnitude characteristics. The NOVI change characteristics, 

CHANNO, CHNOSP and CHNOFL correlated with one another with coefficients in the 

80s and high 70s. The NOVI range characteristics show a weaker correlation with the 

NOVI amount characteristics, typically in the 60s and 70s. These coefficients indicate a 

weak positive correlation between NOVI range and NOVI magnitude. 

Thermal magnitude characteristics, MEANTII and MAXTH were weakly 

negatively correlated with the NOVI magnitude characteristics, with values in the -60s. 

These values indicate that as NOVI amount rises, temperatures are observed to be lower. 

Similarly, the thermal magnitude characteristics are more strongly negatively correlated 

with elevation, with coefficients in the 80s and 90s. Predictably, this indicates that 

temperature is observed to decrease with elevation. The phenology characteristics, 

SKEW and POA TE are only weakly related to one another. They are weakly positively 

correlated with the NOVI characteristics, and weakly negatively correlated with the 

thermal characteristics. 

In the rule-based model, characteristic layers which are highly correlated are 

redundant. However, because the threshold rule is exclusive only, redundant layers do not 

detract from the classification. Where the layers are not redundant, they will contribute to 
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the classification by excluding a small percentage of cells which would otherwise have not 

been excluded. 

For the purposes of this study, none of the layers were eliminated from the model 

based on correlation coefficient. In future studies, the number of input layers could be 

reduced. The correlation coefficients suggest only eight of the 15 characteristic layers 

contribute the majority of the information. A single layer for NOVI magnitude, NOVI 

range characteristic, thermal magnitude, thermal range, elevation, skew and peak date 

would provide most of the same information with fewer dimensions. 

4,6 Establjshjn~ Thresholds 

A comparison of means and ranges for each characteristic layer is useful for 

describing primary similarities and differences between land-cover classes. Maximum and 

minimum thresholds for each land-cover class for each characteristic were defined as +/- 2 

standard deviations from the mean. This range was chosen because it encompasses 

approximately 95% of the population of each land-cover class. 

Variability within classes resulted in thresholds which overlap between classes 

within each characteristic layer. Thresholds have been plotted by class and characteristic 

layer (figure 4.5-4.7; appendix 0). The charts shows that almost all class thresholds 

overlap to some degree for all characteristic layers, but that there are characteristics which 

can be used to separate classes. 

The chart of mean NOVI (MEANNO) show a pattern of thresholds which is 

characteristic of the other NOVI layers. Classes 1,2, 3 and 8 have similar means, and 
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overlapping thresholds. Classes 1,2 and 8 fall entirely within the thresholds for class 3. 

The overlap means that these four classes cannot be resolved from one another based on a 

threshold rule for mean annual NDVI. These four classes correspond to vegetative 

communities which are found in the Arizona highlands, and can be generalized as the 

mountain ecosystems. They show a relatively high annual mean NDVI. Class 4, 5 and 6 

overlap with the low ranges of classes Mountain classes and upper ranges of the Northern 

and Southern Desert classes. These classes of vegetative community share characteristics 

with both mountain and desert ecosystems; a mixture of shrubs separated by open spaces 

containing annual gr!'sses. The desert classes 7, 9, 10, 11, 12 and 13 have similar means 

and overlapping thresholds. Thresholds for the desert classes do not overlap with the 

mountain classes. Classes 7 and 11 have similar lower thresholds with classes 9, 10 and 

13, but have higher upper thresholds. Class 7 is Grassland; class 11 is U. Sonoran. The 

higher thresholds are consistent with these land-cover types, which may have more 

biomass than the other desert classes. Class 12, L. Sonoran has the lowest NDVI 

threshold, an observation which is consistent for the class which contains the sparsely 

vegetated area in the southwestern comer of the state. 

Thresholds for the mean fall NDVI (MNNDFL) is very similar to mean 

MEANND, but has higher peak values. Mean spring NDVI (MNNDSP) is not as well 

defined. Values are generally lower and there is more overlap between land-cover classes. 

This pattern is consistent with the phenological curves, which show that there are lower, 

more similar values for all classes in the early part of the year. 
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11rresholds for the maximum NOV! characteristic layers, maximum annual NOVI 

(MAXNO), max~um spring NOVI (MXNOSP) and maximum fall NOVI (MXNOFL) 

are very similar to one another and to the mean NOVI characteristic thresholds. They are 

also very similar to the mean NOVI characteristic layers. The thresholds were consistent 

with the phenological curves. Maximum values were higher in the spring than the fall for 

the desert classes. Maximum values were higher in the fall for the Mountain and 

Woodland/Chaparral classes. 

The three characteristics of NOVI range, CHANNO, CHNOSP and CHNOFL 

describe the within year range of T-TOVI values for each cell. Overlaps between classes is 

similar between the three characteristics, although the spring ranges are consistently lower 

than the fall ranges. Class 1, 2, 3 and 8 show the greatest values, and higher means than 

the other classes. The higher values are the result of the effect of spring snow melt and 

fall snowfall. The ranges of the remaining classes are overlap, indicating the range of 

NOV! values is not particularly diagnostic of land-cover type. NOVI range was 

calculated by subtracting the maximum value from the minimum value. As a result, these 

characteristics are particularly sensitive to cloud contamination effects, which cause 

erroneously low minimum NOVI values. 

Thresholds +/- 2 standard deviations from the mean were plotted for three thermal 

characteristic layers. The pattern of mean annual temperature (MEANTH) and maximum 

annual temperature (MAXTH) were very similar. The range between upper and lower 

thresholds were very similar between classes, while the mean, upper threshold and lower 
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threshold values differed. Mountain classes were lowest. while desert classes were 

highest The lower thresholds for the desert classes were higher than the upper thresholds 

for the mountain classes. Woodland/Chaparral classes were intermediate; the upper 

portion of the ranges overlapped with the Northern and Southern Deserts, the lower 

portion with the Mountain classes. The patterns of the temperature thresholds did not 

hold any unpredictable results; they are consistent with the concepts of verticallifezones 

of Merriam (1890). 

The mean and thresholds of the range of annual temperatures characteristic layer 

(CHANTH) provided a variety of thresholds, alJ of which overlapped. Several of the 

classes showed a wide range between thresholds, while others were much narrower. 

Grassland showed the greatest range of temperature, while Mohave showed a much 

narrower range. Like the NDVI range characteristic layers, CHANTH is prone to 

increased variability from cloud contamination. 

The skew characteristic layer (SKEW) provides a measure of phenology. Values 

above 50 indicate more fall greenup, while values below 50 indicate spring green up. 

Means and thresholds were generally higher for the mountain classes, and lower for 

desert classes, an observation consistent with the phenological curves. Mean and 

threshold values for Chihuahuan and Great Basin were higher than those for Mohave and 

L. Sonoran, indicating that skew can be used to partially distinguish between these classes, 

which have very similar mean NDVI values. 
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Elevation is a principal element in Meniam's (1890) verticallifezone concept 

Brown and Lowe (1973) included elevation thresholds as part of their class descriptions. 

The Brown and Lowe map was drafted in 1973, before the widespread availability of 

computer based map analysis and digital elevation data. Elevation zones were estimated 

based on field observations and comparisons with small scale topographic maps. As a 

result, it is useful to compare their elevation thresholds with those derived from the DEM 

using the +/- 2 standard deviations around the mean (table 4.6; figure 4.8). 

Table 4.6. Comparison of Brown and Lowe with DEM derived elevation thresholds 

-
Brown and Lowe DEM Thresholds 

Class Min Max Min M~x rliff-min rliff-m~x 

1 3353 3862 2857 3720 -496 -142 

2 2591 3505 2113 3198 -478 -307 

3 1676 3048 1553 2798 -123 -250 

4 1676 2286 1249 2333 -427 47 

5 1219 2134 860 1935 -359 -199 

6 1067 2134 1134 2145 67 12 

7 1067 2134 984 2163 -83 30 

8 2286 3048 2471 3128 185 80 

9 914 1981 1092 2064 178 83 

10 244 1585 234 1455 -10 -130 

11 152 1219 270 1204 118 -15 

12 30 914 36 682 6 -233 
~ 

13 975 1524 983 1483 8 -41 
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The comparison shows that most the DEM derived elevation ranges are wider than 

those defined by Brown and Lowe, and have greater overlap between range of classes. 

Discrepancies can be explained by the nature of the different techniques for establishing 

the elevation ranges. Brown and Lowe used widely spread point observations to estimate 

elevation range for each land-cover class and then extrapolated their observations to 

generalized polygons. In contrast, the DEM was constructed from a dense network of 

point elevation measurements. The wider elevation ranges defined by the DEM is a result 

of the high number of observations. Topographic features are present in the DEM at a 

finer scale than those considered by Brown and Lowe. 

An exception to this effect is the discrepancy between peak elevation thresholds 

for the Tundra class. The DEM range for Tundra has a lower maximum value than 

Brown and Lowe's threshold. Brown and Lowe's upper threshold is based on an 

observation at the Humphery's peak, which is the highest point in the state of Arizona, and 

has a well established benchmark. The lower value present in the DEM is the result of 

interpolation and rounding procedures at the EDC, where the elevation value for 

Humphery's Peak was averaged with those in the 1 km surrounding the sununit, reducing 

the value. 

The elevation thresholds have a predictable pattern. Mountain classes have the 

highest values, Woodland/Chaparral classes fall in the middle, while Northern Deserts and 

Southern Deserts are at the low end. The lower Mountain classes overlap with the 

Woodland/Chaparral classes, but there is good separation from the high forest classes. 
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desert classes. Elevation thresholds for the Woodland/Chaparral, Northern Deserts and 

Southern Deserts have considerable overlap. The desert thresholds overlap with the 

lower end of the woodland thresholds. However, there is little overlap between the L. 

Sonoran, U. Sonoran and Grassland. This separation is potentially very useful, since these 

classes have similar NDVI properties. The elevation thresholds also provide a means for 

separating U. Sonoran from L. Sonoran, and from both the Great Basin and Chihuahuan. 

Threshold ranges for Mohave however, overlap with the U. Sonoran and Chihuahuan 

indicating that elevation range is not as diagnostic. 

4,7 Thresholds for Peak Date 

Unlike the previously described 14 characteristic layers, the peak date layer 

(FDA TE) is described by nominal numbers. The timing of the peak NDVI is assigned as a 

number between 1 and 21, corresponding to the compositing period number. These 

numbers cannot be treated as scalars since the interval in days between compositing period 

is not constant. As a result, the +/- 2 standard deviation rule could not be applied to 

assign upper and lower thresholds. Instead, peak dates for each land-cover class were 

assigned on the basis of percent area. 

The percentage of area for each date for each land-cover class was detennined by 

tallying the number of cells of each date within each Brown and Lowe class, and dividing 

them by the total of number cells within that class and multiplying by 100. The percentage 

of peak dates for each classes can be shown by plotting the percent area as a function of 

the compositing period (figure 4.9). For modelling purposes, compositing period was 
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used as an accept/reject characteristic. The percentage of areas for each class were sorted 

in descending order. The threshold was assigned where the sum of the percent of areas 

equalled 95% (figure 4.10). This percentage accounts for the same proportion of cells as 

the +/- 2 standard deviation rules applied to the other 14 characteristic layers. Dates 

which fell within the first 95% interval were considered to be within the threshold, those 

above it were considered to be outside the threshold. 

Analysis of the NOVI, thennal and elevation data shows that there are 

characteristics which may be used to separate land-cover classes. The +/- 2 standard 

deviation thresholds result in overlap between classes for all characteristics; no single 

characteristic can be used to separate all classes. The threshold patterns suggest that the 

combination of characteristics can provide separation between classes. An example is the 

separation between Chihuahuan Oesertscrub, which has similar average annual NDVI 

characteristics as Sonoran Oesertscrub, but may be separated further by on the basis of 

timing of peak NOV I and by elevation. 
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5. IMPLEMENTATION OF THE RULE-BASED CLASSIFICATION MODEL 

5.1 Basis for the Model 

The characteristic layers have different value ranges and units: the NDVI is a 

unitless ratio ranging from -100 to + 100. temperature is measured in Kelvin and ranges 

from the 260s to the 340s. elevation is measured in meters above mean sea level. ranging 

from the 100s to the 3800s. and timing of peak greenup is a nominal number between 1 

and 19 . Yet analysis of these characteristics show that they must be used in combination 

to best separate land-cover classes. Rule-based modelling offers a means for 

incorporating varied sources of thematic data. 

The rule-based model developed for this study is a complex. multi-stage. multi

rule. hierarchical and evidential model (figure 5.1). The EDC data set serves as the data 

source. Means and standard deviations are calculated from each characteristic layer for 

each land-cover type on the Brown and Lowe map. The model uses the statistics to 

apply a series of rules to the characteristic input layers. Threshold and minimum distance 

rules are applied sequentially to collect evidence of separation between land-cover classes. 

A majority of rule is applied to resolve conflicts decisions and assign fmal classes. 

5,2 Threshold Rule 

The thresholds determined for each characteristic layer were used to create binary 

layers for each characteristic and each land-cover class. Each characteristic layer was 

compared against its thresholds. A simple accept/reject criteria was applied on a cell by 

cell basis. If the cell value fell within the range dermed by the upper and lower thresholds. 
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it was assigned a value of one, indicating acceptance. If the value fell outside the range, it 

was assigned a value of zero, indicating rejection. The threshold rule can be expressed by 

the following condition: 

IF cell value <= upper threshold AND cell value >= lower threshold 
THEN output cell value = 1 
ELSE output cell value = 0 

Eq.5.1 

The result was a single binary layer for each land-cover class and characteristic 

layer. This process created 15 binary layers for each of 13 land-cover classes, for each 

year. 

The numb,,:.':' of cells whose values fell outside the thresholds provides a measure of 

each characteristic's ability to discriminate classes. The number of excluded cells can be 

expressed as a percentage of the total cells. An exclusion of 100% indicates that the 

thresholds eliminated all values within the characteristic layer; a score of 0 indicates that 

all values were included. Classes which can be predicted to have large numbers of cells, 

such as the desert classes have lower exclusion scores than those with smaller areas, such 

as Tundra and Mt. Meadow. These percentages have also been averaged for all classes to 

provide a measure of the exclusiveness of each characteristic layer for all classes. Figure 

5.2 is a graphic comparison of these values for each of the three years of data. 

The table and figure show variability in the exclusivity of each characteristic. 

Results are similar for each year. The elevation layer (OEM) was the most exclusive, 

averaging approximately 63% for all years. Mean annual temperature (MEANTH) was 

the next most exclusive characteristic, with maximum annual temperature (MAXTH) close 
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behind. Characteristics for mean fall and maximum fall NDVI (MNNDFL and MXNDFL) 

proved to be more exclusive than the same characteristics measured annually (MEANND 

and MAXND). Annual range of temperature (CHANTH) was least exclusive, averaging 

25% in 1992, and only 13% in 1990. The summary results did not necessarily reflect the 

exclusiveness for each characteristic within each class. DEM, for example, was the most 

exclusive characteristic in the mountain classes, while MEANTH was most exclusive 

among the desert classes. MNNDFL and MXNDFL were most exclusive for the 

woodland classes. These observations provide evidence that no single characteristic 

provides best separation between allland-cc"er classes, but that NDVI, thermal and 

elevation characteristics are best used together. 

5.3 Intersectini Threshold Layers 

The binary threshold layers for characteristic and each land-cover class were 

overlayed to create a single binary layer for each land-cover class. A simple binary 

intersection rule was applied; cells which possessed a value of one in all 13 characteristic 

layers were assigned a value of one in the summary layer, all others were assigned a value 

of zero. 

IF layer 1 cell = 1 AND layer 2 cell = 1 AND layer 15 cell = 1 
TIIEN summary layer cell = 1 
ELSE summary layer cell = 0 

Eq.5.2 

In the resulting summary layer, each cell with a value of one met the accept criteria 

for all characteristic layers. The result was a set of 13 binary layers, one for each land-

cover class, for each year. The intersection rule establishes that any cell which was 
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excluded for any characteristic is excluded from the summary layer. 

The intersection rule provides a means to evaluate the unique exclusivity of each 

characteristic layer. This measurement provides a measure of redundancy between 

characteristic layers, supplementing the calculation of covariance made in chapter 3. The 

unique exclusion for each layer was made by identifying cells which were excluded by a 

single characteristic layer, and expressing the number as a percentage of the total number 

of cells excluded in the summary layer. Figure 5.3 depicts the summary for all 

characteristic layers. 

The results of the unique exclusion analysis show "hat the OEM excluded the most 

unique cells, followed by the three thermal characteristics, MEANTII, MAXTII and 

CHANTH. The date of peak greenness (POATE) and SKEW also contributed unique 

exclusions. The NOVI characteristic layers did not contribute many unique exclusions, 

most likely because these layers are similar to one another. The contribution of unique 

exclusions by CHANTH is suspect because this layer showed a low overall exclusivity. 

This characteristic layer has wide, overlapping threshold ranges. Visual examination of 

the CHANTH binary layer showed only vague spatial patterns of selected vs. non-selected 

for all three years. 

A measure of ambiguity was developed to evaluate the model's ability to separate 

land-cover class by thresholds. Ambiguity was calculated as the sum of the thirteen 

summary threshold layers. Possible values ranged from 0 to 13. Table 5.1 and figure 5.4 

depict the results of the ambiguity analysis for all three years. 
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Table 5.1. Ambiguity class by percent area 

AmhilTllitv 1992 1991 1990 

0 12.81% 11.03% 10.42% 

1 22.60% 15.91% 20.64% 

2 30.23% 27.15% 27.58% 

3 28.83% 30.91% 32.94% 

4 5.06% 11.28% 7.32% 

5 0.48% 2.84% 1.00% 

6 0.00% 0.72% 0.10% 

7 0.00% 0.18% 0.00% 

These results show that most cells fell into an ambiguity class of three or less, and 

that the maximum ambiguity value observed was seven. This fmding indicates that the 

threshold rule constrained most of the cells to one of three possible classes. Between 

10% and 15% cells, depending on year, were assigned a value of zero indicating that they 

could not be assigned to any land-cover classes. Between 15% and 20% were assigned 

an ambiguity class of one, indicating that they were assigned to only one land-cover class. 

More than 60% of the cells were assigned values between two and three; approximately 

15% were assigned values greater than three. There were no cells with ambiguities 

greater than seven. 

If all the cells had been assigned a value of one, it would indicate that land-cover 

class could be assigned on the basis of the thresholds alone. This situation did not occur. 

However, the analysis did show that the thresholding reduced the number of possible land-
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5.6 MiU0rity Rule 

The 15 characteristic land-cover maps were compared with one another for final 

classification using a majority rule. Variety is a measure of the number of land-cover 

classes represented by a single cell in all 15 characteristic land-cover maps. The variety 

for a comparison of the 15 characteristic land-cover maps can range between 1 and 15. A 

value of one indicates that there is agreement between all layers; a value of 15 indicates 

that there is no agreement between layers. Table 5.2 and figure 5.5 depict the results of an 

analysis of variety for the three years in the data set 

Table 5.2. Analysis of variety 

Variety 1992 1991 1990 

1 36.10% 27.92% 31.79% 

2 33.18% 32.03% 30.88% 

3 26.41% 27.65% 30.79% 

4 4.03% 10.16% 5.94% 

5 0.28% 1.93% 0.58% 

6 0.00% 0.28% 0.03% 

7 0.00% 0.02% 0.00% 

These results show that there is generally good agreement between layers. 

Approximately one third of all the cells agree completely between the land-cover layers. 

Another third of the cells are split between only two land-cover classes. Just less than a 

third are split between three. Four percent for 1992, ten percent for 1991 and six percent 
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IF cell in layer for class (x) = lowest cell value for all classes (1-13) 
TI:lEN land-cover class = ( x) 

Eq.5.4 

The result of this rule was a set of 14 layers, one for each characteristic layer, 

each depicting the 13 land-cover classes, plus a not-classified class for cells which were 

masked in all characteristic layers. 

5.5 Maximum Likelihood Rule 

The peak date (pDA TE) layer could not be processed in this way. Instead, a 

maximum-likelihood rule was applied (Schowengerdt, 1983). The probability of the 

occurrence of the peak date was assigned based on the percentage of area. The PDA TE 

layer for each land-cover class was masked by multiplying it by the summary threshold 

layer for that class, eliminating cells outside the summary thresholds from consideration. 

The number of cells representing each compositing period in each PDA TE layer was 

calculated. The number of cells with a particular date was assigned to the cells depicting 

that date in the PDATE layer. The result was a series of 13 layers which depicted the 

likelihood of the occurrence of each peak greenup period for that layer. These 13 

likelihood layers were then compared; the maximum likelihood was chosen using the 

following condition: 

IF cell in layer for class (x) = highest cell value for all classes (1-13) 
TI:lEN land-cover class = (x) 

Eq.5.5 

The result of this process was the a single layer for PDA TE, depicting 13 land-

cover land-cover classes, plus a class for cells which were masked in all PDA TE layers. 
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5.6 MajQrity Rule 

The 15 characteristic land-cQver maps were cQmpared with one another for final 

classification using a majority rule. Variety is a measure of the number of land-cover 

classes represented by a single cell in all 15 characteristic land-cover maps. The variety 

for a comparison of the 15 characteristic land-cover maps can range between 1 and 15. A 

value of one indicates that there is agreement between all layers; a value of 15 indicates 

that there is no agreement between layers. Table 5.2 and figure 5.5 depict the results of an 

analysis of variety for the three years in the data set 

Table 5.2. Analysis of variety 

Variety 1992 1991 1990 

1 36.10% 27.92% 31.79% 

2 33.18% 32.03% 30.88% 

3 26.41% 27.65% 30.79% 

4 4.03% 10.16% 5.94% 

5 0.28% 1.93% 0.58% 

6 0.00% 0.28% 0.03% 

7 0.00% 0.02% 0.00% 

These results show that there is generally good agreement between layers. 

Approximately one third of all the cells agree completely between the land-cover layers. 

Another third of the cells are split between only two land-cover classes. Just less than a 

third are split between three. Four percent for 1992, ten percent for 1991 and six percent 
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for 1990 are split between four land-cover classes. The remainder of the cells, 

representing less than two percent, are split between five to seven land-cover classes. 

A majority rule was implemented to resolve conflicting classes. The majority rule 

examines each characteristic land-cover layer on a cell by cell basis. The frequency of the 

occurrence of each land-cover class, a number between 1 and 15, is measured and the 

land-cover class with the greatest frequency is selected. If two class have equally high 

values, then there is no majority, and a value representing the conflict is assigned instead. 

The majority rule can be expressed by the following condition: 

IF frequency of class (x) > frequency of class (1..13) 
THEN assign class (x) to the grid cell. 
ELSE IF frequency of class (x) = frequency of class (y) 

THEN assign conflict value to the grid cell. 

Eq.5.6 

The result of the majority rule is a single land-cover map for each year of data. 

Each land-cover map has 15 classes: 13 land-cover classes, one class for cells excluded by 

the threshold rule, and one class for cells which could not be resolved by the majority 

rule. Agreement between the characteristic land-cover layers was measured by comparing 

the results of the majority rule against each characteristic land-cover layer. The number of 

cells which agreed in each layer is represented as a percentage of the total number of cells 

in each annual land-cover map created by the model. The results of this analysis are 

shown in figure 5.6. 

The results are very similar for all characteristic layers; values range between 65% 

agreement to 85% agreement. These values indicate that there is generally good 
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agreement between the characteristic layers; no one layer stands out. Values are slightly 

lower for the thermal, elevation and phenology (pDA TE and SKEW). 
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6. EVALUATION OF RESULTS 

6.1 Comparison of Three Annual Maps 

Three single year maps were produced by three separate applications of the 

model: one for the 1992 data sett one for 1991 data set and one for 1990 data set (figure 

6.1). SuperficiallYt the three maps appear to be similar; however, overlay analysis shows 

that there are significant differences between the three maps. Table 6.1 shows the area 

and percentage of change in area between years, using 1992 as the baseline. 

Table 6.1 Areal extent of land-cover classes 

Class 1992 1991 1990 92-91 91-90 

1 22 24 24 9.09% 9.09% 

2 2651 3771 3458 42.25% 30.44% 

3 19200 16899 19138 -11.98% -0.32% 

4 26786 29200 25878 9.01% -3.39% 

5 16172 11348 15035 -29.83% -7.03% 

6 13221 13983 12792 5.76% -3.24% 

7 29548 27807 27209 -5.89% -7.92% 

8 842 613 777 -27.20% -7.72% 

9 42376 45459 46537 7.28% 9.82% 

10 18736 16873 20877 -9.94% 11.43% 

11 20497 26269 25425 28.16% 24.04% 

12 34866 34204 33394 -1.90% -4.22% 

13 10301 10214 9960 -0.84% -3.31% 

14 35443 30508 28832 -13.92% -18.65% 

15 6051 9540 7376 57.66% 21.90% 
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These results show that many classes demonstrate significant change in area 

between years. The change in area indicates that there is spatial class migration between 

years. Fir Forest showed the greatest magnitude of change in area between years, while 

Chihuahuan remained the most stable. The change in areas unclassified areas indicate that 

the ability to identify classes differs between years. Class 14 represents cells excluded by 

the threshold rule. The increase in this class between 1990 and 1992 means that the 

threshold rule was less effective in 1992 and 1991. Class 15 represents cells for which a 

consensus could not be reached. The decrease in area of class 15 indicates more 

agreement between indicators in the majority rule for th~ same years. 

The percent of total area of class 14, which represents cells not classified by the 

threshold rule is 12.81 %, 11.03% and 10.42% for 1992, 1991 and 1990 respectively. 

These percentages are slightly higher than the 5% predicted using the +/- 2 standard 

deviation threshold, indicating that the distributions of values around the means for the 

characteristic layers were not entirely normal. The low overall percentages of total area 

for class 15 support results in chapter 5, which showed generally good agreement between 

characteristic layers. 

The spatial extent of between class migration between years was characterized by 

classifying the type of disagreement and mapping its areal extent Five conditions 

indicating three levels of agreement were used to characterize between year agreement for 

the three land-cover maps (table 6.2). 
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Table 6.2. Agreement between 1992, 1991 and 1990 land-cover maps 

Case Condition Agreement Area Percent 

1 92=91=90 3 110929 40.09% 

2 92,,91=90 2 54781 19.80% 

3 92=91",90 2 39402 14.24% 

4 92=90,91",90 2 34548 12.49% 

5 92",91",90 0 37052 13.39% 

These results show poor agreement between all three years - only 40% of the grid 

cells agreed entirely, while almost 55% did not agree in one map, and 13% did not agree 
• 

at all. Part of the disagreement can be attributed to cells which were not classified. Table 

6.3 shows that eliminating the unclassified cells improved agreement between years. 

Case 

1 

2 

3 

4 

5 

Table 6.3. Agreement between 1992, 1991 and 1990 
land-cover maps with unclassified cells removed. 

Condition Agreement Area Percent 

92=91=90 3 105328 55.44% 

92",91=90 2 29769 15.67% 

92=91",90 2 24304 12.79% 

92=90,91",90 2 19817 10.43% 

92",91",90 0 10778 5.67% 

This table shows a 15% improvement in agreement between all years, and a 10% 

decrease in cells which did not agree between any years, indicating that a significant 
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percentage of the between year disagreement was the result of unclassified grid cells from 

year to year. 

The disagreements between cells are far too high to be attributed to any real land

cover changes. Almost half the state would have had to have experienced land-cover 

change within the three year period to explain the high levels of disagreement between 

years. Instead, the majority of disagreement between years must be attributed to 

classification error occurring in one or more of the years. The possibility of 

misc1assification is evident in the thresholds determined by the +/- 2 standard deviation 

rule. The examination of these thresholds in chapter 4 showed that there were ov~r1aps 

between nearly all classes for all indicators. The only complete separations were between 

grossly different land-cover classes. 

Agreement between gross land-cover classes was tested by combining the 13 

classes into four general classes. Classes 1,2,3 and 8 were combined into a single 

mountain class; classes 4, 5 and 6 were combined into a single woodland class, classes 9, 

10, 11, 12 and 13 were combined into a single desert class. Class 7, Grassland, was left as 

a single class (table 6.4). 
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Table 6.4. Inter-annual agreement between generalized classes. 

Case Condition Agreement Area Percent 

1 92=91=90 3 143059 75.30% 

2 92¢91=90 2 19746 10.39% 

3 92=91¢90 2 12374 6.51% 

4 92=90,91¢90 2 11646 6.13% 

5 92¢ 91¢ 90 0 3171 1.67% 

These results show significant improvement in agreement between generalized 

classes: over 75% agree entirely; less than 2% disagree entirely. The generalized classes 

show much higher agreement between years than the original classes, indicating that the 

majority of misclassification is between similar land-cover classes with similar properties. 

The relatively low level of inter-annual agreement indicates that the rule-based 

model lacks classification accuracy on an annual basis. As a result, it is reasonable to 

conclude that the subtle land-cover changes which may take place between years cannot 

be detected using the rule-based model employed in this study. In fact, the method used 

to establish thresholds makes the rule-based model resistant against inter-annual change 

detection. Threshold values were extracted from each year's characteristic layers using the 

same polygons from the Brown and Lowe map. If a large area of NOVI or thennal 

properties were to change as the result of land-cover change, the new values would be 

observed within one of the existing polygons, where it would affect the mean and 

standard deviation of that class. The classification thresholds are set by a rule which 
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assigns them to +/- 2 standard deviations around the mean. As a result, the thresholds 

would be adjusted to include the affected cells. Thus, the model would assign the new 

values to the old land-cover class, rather than assigning the changed cells to a new class. 

This characteristic reduces the sensitivity of the model to inter-annual variability within 

classes, but at the cost of detecting inter-annual changes between classes. 

6.2 Creation of the Summary Land-coyer Map 

Although only 55% of the study area showed agreement between all three annual 

land-cover maps, approximately 94% of the study area showed agreement between two 

years. These results indicate that a single map could be created by combining the three 

annual maps. The fIrst step in creating this map was to combine the annual maps with a 

majority rule. Cells were assigned a land-cover class based on a comparison of the three 

annual maps. Cells whose annual land-cover assignment agreed between two or three 

years were assigned to that class. Cells which showed no agreement between years were 

assigned to an unresolved class. 

The unresolved areas were assigned land-cover classes by applying a "nibble" 

fllter. The nibble fllter is a type of spatial nearest neighbor fllter (ESRI, 1994): The filter 

assigns values to cells based on the most common value of its nearest neighbors. The 

nearest neighbor is determined by the least Euclidean distance to a cell with an assigned 

land-cover class. This fllter was applied to fIll in the unresolved areas. 

The fInal step in creating this map was a smoothing by means of a three by three 

spatial majority fllter. This ftlter assigns the central cell to the value which is present in the 
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majority of the surrounding cells. The purpose of this step was to eliminate the 

occurrence of isolated cells. While this fIlter reduced the effective spatial resolution from 

1 km to 3 kIn, it also reduced the effects of misclassification resulting from mis

registration and noise within the original data set 

The end result of all of these steps is a single map titled the Rule-based 

Classification of AYHRR Data 1990-1992: Summary Map, and referred to for the 

remainder of this study as the Summary Map (figure 6.2). This map represents the final 

product of the rule-based modelling process. It is a single land-cover map derived from 

the analysis of the three years of data. This map is the culmination of the modelling 

effort. It is intended to serve as a proto-type, and is the basis for evaluating the accuracy 

of the classification. 

6.3 Comparison of the Summary Map with Brown and Lowe Map 

A comparison of the Summary Map and the Brown and Lowe map was performed 

to examine their relationship. The Brown and Lowe map was the basis for collecting the 

characteristic thresholds basic to the classification; the Summary Map is the product of the 

rule-based classification model. The comparison of these two maps provides a measure of 

the ability of the rule-based model to separate land-cover classes. 

Superficially, the spatial patterns of land-cover present in the two maps appear 

morphologically similar. The major physiographic features of the state, such as the 

Mogollon Rim, Grand Canyon, Kaibab Plateau, and Southern Deserts are delineated. 

They are represented by the same classes on both maps. There are no large areas of 
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egregious misclassifications between very dissimilar classes. L. Sonoran is not found in 

high mountain areas, nor are areas of Fir Forest present in the lowlands. 

Overlay analysis was used to quantify agreement and disagreement. A map of 

agreement and disagreement shows the spatial pattern (figure 6.3). Clearly, there are 

large areas of disagreement Some of these, such as the linear patterns along the 

Mogollon Rim are the result of boundary offsets. Others appear to be the result of 

different shaped polygons between the maps. In the southwestern part of the state, there 

are more smaller polygon of Mohave depicted within the larger polygons on the Summary 

Mall than in the Brown and Lowe map. In the northeastern part of the state, a large area 

of disagreement results from a large contiguous area of Great Basin present where Brown 

and Lowe depict Grassland. In the southeastern part of the state, there is disagreement 

extensive areas classified as Chihuahuan on the Summary Map and Grassland on the 

Brown and Lowe map. In these areas, the disagreement is between single occurrences of 

physiographically similar land-cover classes. 

An examination of land-cover areas highlights some of the differences between the 

two maps (table 6.5). Three land-cover types are notably under-represented in the 

Summary Map: class 4, J-P Woodland, class 7, Grassland and class 11, U. Sonoran. The 

Grassland class is the most under-represented. The remainder of the classes are slightly 

over-represented, filling in the omissions by the three under-represented classes. 
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Table 6.5. Comparison of areas 

Brown & Lowe Summary Map 

Class Name Area Percent Area Percent Difference 

1 Thodra 8 0.003% 30 0.011% 0.008% 

2 FlTForest 770 0.278% 3801 1.374% 1.095% 

3 Conifer Forest 19554 7.067% 23279 8.413% 1.346% 

4 }-P Woodland 52031 18.803% 31647 11.437% -7.367% 

5 Chaparral 13176 4.762% 16668 6.024% 1.262% 

6 o-p Woodland 7470 2.700% 14650 5.294% 2.595% 

1-7_ Grassland 65172 23.552% 28701 10.372% -13.180% 

8 MtMeadow 186 0.067% 857 0.310% 0.242% 

9 Great Basin 24152 8.728% 54421 19.667% 10.939% 

10 Mohave 13297 4.805% 18524 6.694% 1.889% 

11 U. Sonoran 45175 16.326% 30582 11.052% -5.274% 

12 L. Sonoran 30423 10.994% 39888 14.415% 3.421% 

13 Chihuahuan 5298 1.915% 13664 4.938% 3.023% 

Total 276712 100.000% 276712 100.000% 
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Further comparison was made using the Brown and Lowe map as reference to 

evaluate the Summary Map. Areas of agreement between the maps indicate groups of 

grid cells where the characteristics fell within thresholds and met the criteria of all of the 

rules; areas of disagreement indicate areas which met conditions of classes other than the 

class present on the Brown and Lowe map. A confusion matrix was created to quantify 

agreement between the two maps (table 6.6). Overall agreement was only 51.35%. 

Measures of agreement were adjusted to eliminate chance agreement using 

Cohen's Kappa (Rosenfield and Fitzpatrick-Lins, 1986). This measure was chosen from a 

family of related statistical 'lleasurements of agreement because of its wide application in 

remote sensing studies, and its specific application to aerial video (Marsh et al., 1993). 

Cohen's Kappa, symbolized in this study as K, is the proportion of agreement after chance 

agreement has been removed. It is calculated as: 

Eq.5.1 

where: Po = the proportion of units which agree 
Pc = the proportion of units expected for chance agreement 
Po = Wi' Pc = L (PttP.;), Pij = X/N 

K is expressed as a number between -1 and + 1. Positive values represent greater 

than chance of agreement, the 0 value represents equality between observed and chance 

agreement, and negative values represent less than chance agreement. In the comparison 

of the Summary Map and the Brown and Lowe map, agreement was determined to be 

51.35%, with a K value of .4525. These measures indicate that, one the effect of change 
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Table 6.7 summarizes errors of omission and commission between classes. The 

majority of the classes have less than 50% agreement. Classes 3, 4, 7, 11 and 12 show 

the best overall agreement. These classes were represented by the largest areas on the 

Brown and Lowe map. Classes 1,2,6,8 and 13 show high percentages of commission 

error. Larger areas of these classes were identified by the rule-based classification than 

were depicted in the Brown and Lowe map. In most cases, these classes are located in 

the same areas as they are in the Brown and Lowe map, but are represented by larger 

polygons. Class 2, Fir Forest, for example, spreads down hill from the peak-straddling 

polygons depicted on the Brown and Lowe map. A.·~as of Tundra and Mt Meadow are 

similarly expanded. Class 6, o-p Woodland, is mdre prevalent on the Summary Map, and 

spreads as far north as the south rim of the Grand Canyon. Class 13, Chihuahuan, covers 

more of the southeast Arizona in the Summary Map than in the Brown and Lowe map. 

Class 7, Grassland has the highest error of omission. This error is the result of the 

two large contiguous areas of disagreement with desert classes located in the northeastern 

and southeastern part of the state. There is also considerable confusion between the 

classes 4, 5 and 6, and all the other classes. This confusion can be explained by the 

transitional nature of these classes. They are transitional between forest and desert 

classes, sharing characteristics of both. As a result, their characteristic thresholds were 

wide and overlapping. 
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Table 6.7 Agreement between Summary Map and Brown & Lowe 

Errors of Errors of Percent 
Class Name Omission Commission Correct 

1 Tundra 12.50% 76.67% 23.33% 

2 Fir Forest 20.65% 83.93% 16.07% 

3 Conifer 31.87% 42.77% 57.23% 

4 J-P Woodland 58.99% 32.58% 67.42% 

5 Chaparral 42.94% 54.90% 45.10% 

6 o-p Woodland 48.03% 73.50% 26.50% 

7 Grassland 77.09% 47.98% 52.02% 

8 Mt. Meadow 9.14% 80.28% 19.72% 

9 Great Basin 20.77% 64.84% 35.16% 

10 Mohave 41.85% 58.26% 41.74% 

11 U. Sonoran 47.71% 22.76% 77.24% 

12 L. Sonoran 13.45% 33.99% 66.01% 

13 Chihuahuan 33.88% 74.36% 25.64% 

Overall 48.65% 48.65% 51.35% 
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Agreement between gross land-cover classes was tested by combining the 13 

classes into mountain, woodland, grassland and deserts, the same four generalized classes 

used in the inter-annual comparison above (figure 6.4). The generalizations of the 

Summary Map and Brown and Lowe map were compared. The generalized maps were 

overlaid to evaluate the spatial patterns of agreement and disagreement (figure 6.5). The 

generalization eliminated much of the disagreement in the southwestern part of the state, 

and significantly reduced it in the northwestern and Mogollon Rim areas. The contiguous 

areas of disagreement between grassland and desert in the northeastern and southeastern 

part of the state remained. 

As above, a confusion matrix was again used to quantify agreement between the 

generalized maps (table 6.8). Overall agreement increased to 66.54%, while K improved 

only slightly to .4525. An assessment of omission and commission showed that the 

grassland class again had the highest percentage of omission error (table 6.9). 

All of the comparisons showed significant areas of disagreement between the two maps. 

Class aggregation reduced disagreement, but could not eliminate it Although the 

Summary Map does not agree entirely with the Brown and Lowe map, it is a plausible 

map by itself. Disagreement does not necessarily mean that the Summary Map is 

inaccurate. Some of the disagreement result from shortcomings in the Brown and Lowe 

map. A field check and aerial video survey were chosen as methods to best evaluate the 

accuracy of both maps (chapter 7). 
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Table 6.8. Confusion matrix between Summaxy Map and Brown & Lowe 
for four generalized classes 

ummary M IC I B ap o umns: rown &L owe 

Mountain Woodland Grassland Desert Totals 

Mountain 17736 8584 1255 392 27967 

Woodland 2371 43231 12019 5344 62965 

Grassland 

Desert 

Totals 

200 9187 14930 4384 28701 

211 11675 36968 108225 157079 

184122 

20518 72677 65172 118345 276712 

Table 6.9. Agreement between Summaxy Map and Brown & Lowe 
for four generalized classes 

Errors of Errors of Percent 
Omission Commission Correct 

Forest 13.56% 36.58% 63.42% 

Woodland 40.52% 31.34% 68.66% 

Grassland 77.09% 47.98% 52.02% 

Desert 8.55% 31.10% 68.90% 

Overall 33.46% 33.46% 66.54% 
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The grassland class was incorporated into the desert class to consider the effect of 

further generalization on agreement between maps. The three class maps were overlaid 

and a confusion table created (table 6.10) 



Table 6.10. Confusion Matrix between S\lJllJl'UlIY Map and Brown & Lowe 
for three generalized classes 

R ows: s UUUlUUY M IC ap olumns: Brown &L owe 

Forest Woodland Desert Total 

Forest 17736 8584 1647 27967 

Woodland 2371 43231 17363 62965 

Desert 411 20862 164507 185780 

225474 

Total 20518 72677 183517 276712 

The agreement map shows that the further generalization eliminated the large 
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contiguous areas of disagreement in the northeastern and southeastern parts of the state 

(figure 6.6). Agreement increased to 81.48% and K increased to .6202. Table 6.11 shows 

that majority of the remaining disagreement resulted from confusion of the woodland 

class with the forest class. 

Table 6.11 Agreement between Summary Map and Brown & Lowe 
for three generalized classes 

Errors of Errors of Percent 
Omission Commission Correct 

Forest 13.56% 36.58% 63.42% 

Woodland 40.52% 31.34% 68.66% 

Dryland 10.36% 11.45% 88.55% 

Overall 18.52% 18.52% 81.48% 
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Figure 6.6. Agreement between generalized maps 
with grasslands aggregated into deserts class 
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Table 6.12 summarizes the results of aggregating classes. As the number of 

classes decrease, agreement and K both increase. K does not increase as quickly as 

percent agreement because the likelihood of chance agreement also increases as the 

number of classes decrease. The K values show that there is still poor agreement 

between the Brown and Lowe map and the SUJllIIUl[y Map, even when simplified to only 

three classes. 

Table 6.12. Comparison of agreement 

Number of Classes Agreement Cohen's Kappa K 

13 51.35% 0.4525 

4 66.54% 0.4972 

3 81.48% 0.6202 
(note: The K values test significant at the 1 % due to large sample size) 

6.4 Comparison with Unsupervised Classification 

An unsupervised classification of the 1992 A VHRR data set was performed to 

compare the rule-based model against conventional cluster classification techniques. 

NDVI and thermal bi-weekly composite images for all 21 periods in 1992 were used as the 

input. Elevation was not used. The ISODATA clustering algorithm was applied to the 

data, using ERDAS IMAGINE version 8.2 software on the Sun LX Classic workstation. 

The output parameters were set to identify 24 classes with a 95% convergence. Twenty 

four classes were selected to provide adequate class separation for the ISODA T A 

algorithm to identify the 13 desired natural vegetative classes, with additional classes 
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available for agriculture, urban, water, clouds and areas strongly affected by noise. 

The ISOOA TA algorithm outputs a single image, with grey levels representing 

arbitrary cluster numbers (figure 6.7). Of 24 desired clusters, ISOOATA was able to 

separate only 19. Of these 19, clusters one and two were not found within the study area. 

Clusters three and four were each composed a single cell. The remaining clusters 

represented sufficient area to be considered viable clusters (table 6.13). 

The trajectory of mean NOVI value within each cluster compositing period was 

plotted to evaluate similarities and differences with NOVI temporal signatures extracted 

for each Brown and Lowe class (figure 6.8). Signatures for clusters 3 and 4 are erratic 

and bear little resemblance to any of those extracted using the Brown and Lowe map. 

These signatures are from the single cell classes, and are likely the result of noise and mis

registration within the images. 

Numerous similarities were observed between the remaining clusters' signatures 

and the Brown and Lowe signatures. Cluster 5 resembles the O-P woodland curve. 

Cluster 6 is similar to the curve for U. Sonoran. Cluster 7 and 8 are somewhat erratic, 

but share a bimodality with clusters 9 and 10 and 11. These clusters all have wide 

ranging trajectories with several pronounced dips; characteristics present in the NOVI 

curves for Tundra, Fir Forest and Mt Meadow, high elevation classes which experience 

snow cover. Clusters 12 and 15 have intermediate shapes similar to the curves for J-P 

Woodland, O-P Woodland, and Chaparral. Clusters 13 and 14 are parallel. They have 

the same shape, but cluster 14 values are slightly lower than values for cluster 13. 
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Table 6.13. Cluster area 

Cluster Number of Percentage 
Number Cells of Total Area 

3 1 0.00% 

4 1 0.00% 

5 71 0.03% 

6 1585 0.57% 

7 493 0.18% 

8 1198 0.43% 

9 2561 0.93% 

1J 6628 2.40% 

11 17750 6.41% 

12 30362 10.97% 

13 40143 14.51% 

14 43263 15.63% 

15 34010 12.29% 

16 22989 8.31% 

17 22814 8.24% 

18 33474 12.10% 

19 19369 7.00% 

Total 276712 100.00% 
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A similar situation exists for the NDVI curves for Grassland and Great Basin. 

These curves are similar in shape, but the Great Basin values are systematically lower. 

Cluster 16 has a bimodal spring green-up feature, and values similar to the curve for 

Chihuahuan. The curve for cluster 17 resembles the curve for Mohave, with peak values 

occurring in the spring, although the mean values are higher than those observed in the 

Mohave curve. Clusters 18 and 19 have shapes and values identical to the curves for U. 

Sonoran and L. Sonoran respectively. 

The apparent similarity between curve shapes supports the hypothesis that there 

are diagnostic NOVI temporal curves for the Brown ane Lowe classes. To establish a 

spatial relationship between the clusters and the classes identified by the rule-based model, 

the clusters were labelled by overlaying the cluster map with the Summary Map. A 

matrix of the percent of each Summary Map class that fell within each cluster was 

calculated (table 6.14). 

Clusters 9 through 19 contained the greatest percentages of cells of each of the 13 

classes. Each cluster of these clusters were assigned to the land-cover class which had the 

greatest percentage within that cluster. Cluster 11, for example, contained 60.81 percent 

of class 3. This relationship indicated that cluster 11 should be assigned to land-cover 

class 3, Montane Conifer Forest. Clusters 3 through 8 did not contain a majority of any 

land-cover class. These clusters represented only a small percentage of the map. They 

were assigned to the class with highest percentage within that cluster. For example, 



Table 6.14. Percent overlap between SummaO' Map and cluster classification 

R, 
-- -- CI Classifi I Col S M -- -~----- ---------------- ---------. ----- --- ---

Class I Class 2 Class 3 Class 4 ClassS Class 6 Class 7 Class 8 Class 9 Class 10 Class II 

3 0.00-,4 0.00-,4 0.00-,4 0.00-,4 0.00-,4 0.00-,1, 0.00-,4 0.00% 0.00",4 O.rm( 0.00",4 

4 0.00% 0.00% 0.00-,4 O.OO-A 0.00-,4 0.00% O.OO-A 0.00-,4 0.00-,4 0.00-,4 O.Dmt 

S 0.00% 0.00% O.OO-A O.OO-A 0.00",4 0.16% 0.03% O.OO-A 0.00-,4 0.01% 0.02% 

6 0.00% 0.00% O.OO-A O.OO-A 0.00% 0.00-,4 O.Oge,4 O.OO-A 0.01% 0.39% 0.01% 

7 3.33% S.lO% O.99'A 0.01% 0.00',4 O.OO-A O.OO'A 7.4m 0.00-,4 O.OO-A 0.00-,4 

8 10.00% 15.47% 1.94% O.OO'A 0.00-,4 0.00';' 0.00';' 18.10% 0.00% 0.00';' 0.00';' 

9 86.67% 41.99% 1.41% 0.03% 0.00-,4 0.00';' 0.00% 70.25% O.OO-A 0.00% 0.00-,4 

10 0.00% 34.8/U 22.61% O.OO-A 0,()0°,4 O.OS% 0.00% 4.0gelo 0.00-,4 0.00% 0.00% 

II 0.00-,4 2.16% 60.81% 1.7S% 4.46% IS.12% 0.00% 0.00-,4 0.00",4 0.00-,4 0.00-,4 

12 0.00% 0.42% 11.24% SO.24% 32.33% 39.92% 1.86% 0.00-,4 o.oS% 0.04% 0.01% 

13 0.00% O.OS% 0.48% 21.6oeA O.OS% 0.98-,4 41.76% O.OO-A J8.S0% 0.4S% 0.02% 

14 0.00% 0.00-,4 0.07% S.72% 0.18% 0.3S% 24.82% 0.00-,4 59.46% 9.08% 0.12% 

IS 0.00% 0.00-;' 0.44% I 9.1 OOA 6O,s1% 41.88% 16.87% 0.00-10 0.06% 0.36% 7.44% 

16 0.00% 0.00% 0.01% I.S3% 1.7~,4 O.SI% 12.71% 0.00-10 1.86% 30.56% 19.0ge,4 

17 0.00% 0.00% O.OO-A 0.00';' 0.00',4 0.00-;' 0.34% 0.00-10 0.06% 48.69% IS.01% 

18 0.00% 0.00% O.OO'A O.OO'A 0.00';' 0.00';' O.ocw..· 0.00-10 O.OO'A 6.02% 12.61% 

19 0.00% 0.00% O.OO'A 0.02% 0.67% 1.04% 1.52% 0.00'10 0.00',4 4.3~;' 45.68% 

Bold indicates maximum class percentage within cluster. 
Italics indicates maximum cluster percentage within a class for clusters without a maximum class percentage. 
• the single cell is present within this class. 

Class 12 
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0.00% 

0.04% 

3.71% 

0.00% 
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cluster 6 had the highest percentage within class 12, indicating that this cluster should be 

assigned to L. Sonoran. 

The application of these criteria for labelling clusters with land-cover classes 

showed that the clustering process could not separate all 13 land-cover classes. Two 

clusters contained more than one greatest percentage. Cluster 9 included peak 

percentages for three class: 86% of class 1,42% of class 2 and 70% of class 8. This 

relationship indicated that these three classes, Tundra, Fir Forest and Mt Meadow were 

not separated by spectral-temporal signatures. This result is not swprising since the three 

classes are represented by a small number of cells in both the Summary Map and tt. ~ 

Brown and Lowe map. They share similar physiographic characteristics. All three land

cover types are composited of alpine vegetation which occupy the highest elevations 

within the study area. 

Cluster 15 included two peak percentages: 61% of class 5, Chaparral and 42% of 

class 6, o-p Woodland. As in the case with the alpine classes, these two classes are 

similar to one another. Both classes are composed of a mixture of woody shrubs growing 

against a background of annual grasses. Both are found at similar elevations, in similar 

hilly terrain. As a result, they share similar NOVI and thermal characteristics. These two 

classes were also difficult to separate using the rule-based model. 

The class overlap within clusters made it necessary to aggregate classes. Tundra, 

Fir Forest and Mt. Meadow were combined into a single Alpine class. For mapping 

pwposes, Chaparral was combined into the o-p Woodland class. The remaining eight 



land-cover classes remained the same. The 19 clusters ware assigned to the 10 land

cover classes to produce a land-cover map from the cluster classification (figure 6.9). 

Table 6.15 shows the class assignments by cluster number. In almost every case, the 

cluster assignments corresponded to the class with a similar NOVI temporal signature. 

The only exceptions were the two cells representing clusters 3 and 4, which lacked 

meaningful signatures. 
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The Brown and Lowe map and Summa.ry Map were aggregated into the same ten 

classes, in order to compare them with the cluster classification (figure 6.10). 

Superficially, all three maps share some similarities, although there are also obvious 

differences. The Tundra/Fir Forest/Mt. Meadow class extends over larger polygons and 

spreads to lower elevations than on the Summa.ry Map or the Brown and Lowe map. The 

cluster map depicts this class as present on the upper elevations of all of the southern 

mountains while the other maps do not. The southeastern portion of the cluster map 

shows more o-p Woodland. Like the other two maps, the cluster classification shows the 

Chihuahuan in the southeast, but this class spreads all the way to the northwestern corner, 

into an area which is otherwise identified as Mohave. Chihuahuan is found in the bottom 

of the Grand Canyon - a clear misclassification. 
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Table 6.15. Cluster class assignments 

Cluster Number of Summary 
Number Cells Map Class Class Name 

3 1 10 Mohave 

4 1 11 U. Sonoran 

5 71 6 Oak-Pine 

6 1585 12 L. Sonoran 

7 493 8 Tundra/Fir ForestIMt. Meadow 

8 1198 8 Tundra/Fir ForestIMt. Meadow 

9 2561 1/2/8 Tundra/Fir ForestIMt. Meadow 

10 6628 2 Tundra/Fir ForestIMt. Meadow 

11 17550 3 Conifer 

12 30362 4 J-P Woodland 

13 40143 7 Grassland 

14 43263 9 Great Basin 

15 34010 5/6 Oak-Pine 

16 22989 13 Chihuahuan 

17 22814 10 Mohave 

18 33474 12 L. Sonoran 

19 19369 11 U. Sonoran 
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The southwestern deserts have similar problems. The large area of L. Sonoran is 

similar between the cluster classification and the other two maps. Within this area. 

however. are numerous areas which have been misclassified as Mohave. The U. Sonoran 

is considerably under-represented relative to the two other maps. and is misclassified in 

places as Mohave and Chihuahuan. The cluster map has a spatial pattern of Grassland in 

the northeastern part of the state which shares similarities with both maps. There is more 

Grassland in the cluster classification than in the Summary Map. but less than is depicted 

in the Brown and Lowe. The shape of the Great Basin polygon in the cluster classification 

is more similar to the Summary Map than to the Brown and Lowe Map. 

The maps agree on the location of Conifer Forest along the Mogollon Rim. and on 

the slopes of the southern mountains. The maps agree on the placement of J-P 

Woodland and o-p woodland along the edges of the Mogollon Rim. Kaibab Plateau. and 

in the northeastern part of the state. The confusion matrices and error estimates support 

the patterns of agreement and disagreement observed between the three maps (tables 6.16-

6.21). 



Table 6.16. Confusion matrix between SummaI)' Map and the cluster classification 

R, CI --- ---- ------- Classifi I Col S ----------- - ----.--_. -------- M ----

AlPine CaIifu J.PWoocI O-PWoocI ar.Jand O.Basin MallaYe U.Sclnaran LSoncnn a.a.w.- T~ 

~. 4'" 6273 II 7 I 0 0 0 0 0 10810 

Conifer 12 141'6 "3 29'9 0 0 0 0 0 0 177~ 

J.PWoocI 16 2617 15899 11237 "5 29 • 2 0 19 30362 

~PWoocI 0 10' 6046 162 .... 4852 34 69 2282 101 4'~ 34081 

o.-Jand 2 III 6136 J5J 11985 209~ 14 7 4 I] 4014' 

O.Basin 0 17 1110 12 7123 32356 1612 37 30 126 43263 

MallaYe 0 0 0 0 99 34 9020 4'19 9054 19 22115 

U.Soncnn 0 0 7 265 4'5 0 113 1]970 516 3294 19370 

LSaoonIl 0 0 0 0 23 6 1111 3860 29911 I 3~59 

0IihuaJuaa 0 2 415 373 3641 1012 5660 '835 132 5142 22919 

1S4041 

TaCaIs 4611 23279 31647 ,-------3.13 .. . _2.J10.!.. L-_5~:rr ,--_11S24 30'12 3911' 13664 276712 

-0\ 
VI 
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Table 6.17. Agreement between cluster classification and Surnrruu:y Map 

Errors of Errors of Percent 

Omission Commission Correct 

Alpine 2.13% 57.83% 42.17% 

Conifer 39.19% 20.25% 79.75% 

J-P Woodland 49.76% 47.64% 52.36% 

o-p Woodland 48.13% 52.34% 47.66% 

Grassland 58.24% 70.14% 29.86% 

G. Basin 40.55% 25.21% 74.79% 

Mohave 51.31 % 60.46% 39.54% 

U. Sonoran 54.32% 27.88% 72.12% 

L. Sonoran 24.84% 14.48% 85.52% 

Chihuahuan 57.25% 74.59% 25.41% 

Overall 44.33% 44.33% 55.67% 



Table 6.18. Confusion matrix between Brown & Lowe and the cluster classification 

Rows: Cluster Classification I Columns: Brown & Lowe 

Alpine Conif« J·PWood o.PWood Orusbnd o. Basin Mohave U.Sononn LSononn aw.w.u.n TocaJs 

AInine 921 1413 775 '39 127 3' 0 0 0 0 10110 

Conif« 22 1221 4378 4352 '56 203 0 18 0 0 17750 

J.PWood 14 2271 17966 6018 2962 723 281 124 0 3 30362 

o.PWood 2 59 4664 1138 13406 43 128 5479 81 1481 34011 

CJnssbncl , 202 15154 42 17787 6887 42 8 4 12 40143 

O.Basin 0 87 772' 71 19043 14977 1178 98 30 54 43263 

McIIaw 0 , 51 21 182 346 7020 9103 '263 124 22." 

V.Sonann 0 0 '6 19 3515 0 334 12368 2005 1003 19370 

LSonona 0 0 11 1 " 19 m 11599 22814 49 35059 

a.ihuIhuan 0 226 1251 775 6839 919 3103 6378 226 2572 22919 

113384 

Tolah 964 19554 52031 20646 65172 24152 13297 45175 30423 5298 276712 

-0\ 
-...l 
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Table 6.19. Agreement between cluster classification and Brown & Lowe 

Errors of Errors of Percent 
Omission Commission Correct 

Alpine 4.46% 91.53% 8.47% 

Conifer 57.96% 53.68% 46.32% 

J-P Woodland 65.47% 40.83% 59.17% 

o-p Woodland 57.68% 74.36% 25.64% 

Grassland 72.71% 55.69% 44.31% 

G. Basin 37.99% 65.38% 34.62% 

Mohave 47.21% 69.23% 30.77% 

U. Sonoran 72.62% 36.15% 63.85% 

L. Sonoran 25.01% 34.93% 65.07% 

Chihuahuan 51.45% 88.81% 11.19% 

Overall 59.02% 59.02% 40.98% 



Table 6.20. Confusion matrix between Brown & Lowe and SummaI)' Map 

Kows:~um narvM8P I UJlUmns: Hrown &. LOwe 
A/pine OIniI'CI' J-PWoo4 O-PWoo4 an.bnd O.Basin Mohave u.Sonarwt LSononII a.a.w.- ToCaIa 

Alpine 145 3476 253 26 12 6 0 0 0 0 4681 

ConifCl' 92 13323 4619 3616 1173 367 12 7 0 0 23279 

J-PWoo4 21 1169 213]7 1121 S073 1114 419 211 0 35 30362 

~PWoo4 I 1110 6121 12931 6946 91 III 3002 II 197 34011 

0raaIan4 0 200 1101 1016 14930 1161 631 1371 4 ~ 40143 i 
I 

O.Basin 5 19 10272 0 24573 19136 379 24 30 13 43263 

Mohaw 0 1S7 297 166 1630 1$57 7732 4116 1616 413 22115 

u.s-. 0 30 145 379 1111 3 1S57 23621 2406 630 19370 

LSononn 0 0 5 0 29 I 2337 11115 26331 0 39111 

a.ihuahuaa 0 0 104 307 1925 2 25 791 0 3503 22989 

143696 

ToCaIa 964 19554 52031 20646 65172 24152 13297 45175 30423 5291 276712 

-0\ 
\0 
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Table 6.21. Agreement between Summary Map and Brown & Lowe 

Errors of Errors of Percent 
Omission Commission Correct 

Alpine 12.34% 81.98% 18.02% 

Conifer 31.87% 42.77% 57.23% 

J-P Woodland 58.99% 32.58% 67.42% 

o-p Woodland 37.33% 58.69% 41.31% 

Grassland 77.09% 47.98% 52.02% 

G. Basin 20.77% 64.84% 35.16% 

Mohave 41.85% 58.26% 41.74% 

U. Sonoran 47.71% 22.76% 77.24% 

L. Sonoran 13.45% 33.99% 66.01% 

Chihuahuan 33.88% 74.36% 25.64% 

Overall 48.07% 48.07% 51.93% 
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The results show that there is generally poor agreement between all three maps. 

As would be expected, the best relationship is between the cluster map and the SullUllaIY 

Map (table 6.22). 

Table 6.22. Agreement between cluster classification, 
Summary Map and Brown and Lowe 

Comparison Percent Agreement Cohen's Kappa K 

SW1lI1lilIY Map to Cluster 55.67% 0.4997 

Brown & Lowe to Cluster 40.98% 0.3344 

Brown & Lowe to Summlll:): Map 51.93% 0.4565 

The errors in the cluster classification, and poor agreement with both the 

Summary Map and Brown and Lowe map indicate that the cluster map is a weak depiction 

of land-cover. Nonetheless, the partial agreement between the cluster analysis and the 

SllDlmw:y Map provides evidence that spectral-temporal signatures are diagnostic of land-

cover classes. The observed similarities between the NOVI temporal signatures for 

clusters and land-cover classes further supports this assertion. The weakness in using 

clustering alone to identify spectral-temporal signature lies in the overlap between land-

cover classes with similar physical characteristics, and the separation of signatures is made 

more difficult by sensor noise and image mis-registration. In this example, the ISOOAT A 

clustering algorithm produced 19 clusters, but they corresponded to only 10 land-cover 

classes. The rule-based model had the advantage of incorporating elevation as well as 

drawing on two additional years of NOVI and thermal imagery. The rule-based model 



appears to have produced a land-cover map which is superior to the one produced by 

clustering. 
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7. FIELD VERIFICATION 

7.1 Field Observations 

There is no substitute for fIrst-hand observations to provide insight into the 

problems underlying automated land-cover classification. Ground and aerial observations 

were made to assess the accuracy of the Sumnw:y Map. Ground observations were made 

during several car trips across parts of the state. Aerial observations were made from 

light aircraft, and were recorded on GPS referenced video. The ground observations 

provided a detailed look at a few sites; the aerial video provided a large transect sample 

for a representative sample. Between the two sets of observations, twelve of the 13 land

cover types were identified in at least one location. The exception was Alpine Tundra. 

This class has been observed only in the San Francisco Peaks. The peaks' high elevation 

and extreme weather conditions made this location inaccessible during both the ground 

and aerial surveys. 

A total of 19 ground observations were made, representing nine of the 13 Brown 

and Lowe classes (table 7.1 and figure 7.1). Sites were located throughout the state, 1-8 

from Tucson to Yuma, 1-10 between Phoenix and Blythe, 1-17 between Phoenix and 

Flagstaff and state highways between Tucson and Springerville. Observations were made 

near the two highest points in the state: one at Apache Peak in the White Mountains, and 

one near Humphery's Peak in the San Francisco Mountains; however, it was not possible 

to get into the Tundra zone due to snow cover. Time and funding constraints limited the 
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Table 7.1. Field sites 

Site Longitude Latitude Elev. Description Field B&L Swnmary 
(m) Map 

1 110.80783 31.87400 1219 Santa Rita 7 7 13 
Experimental Ran~e 

2 112.03667 32.83683 349 1-8 W. of Casa 12 12 12 
Grande 

3 112.06650 32.83817 474 1-8 W. of Casa 12 12 12 
Grande 

4 110.9708 32.8318 1067 Freeman Road 11 7 7 

5 110.7723 33.2627 1477 Salt River Canyon 5 6 6 

6 109.5621 33.9413 3383 Apache Peak 2 2 2 

7 109.5288 34.0522 2895 White Mountains 8 8 8 

8 109.454 34.0485 2445 Greer Benny Hill 3 3 3 
Cinder Cone 

9 111.6658 35.2019 2225 Lowell Observatory 3 3 3 

10 111.7123 35.3296 2835 Snowbowl 8 3 8 

11 111.6362 34.8752 1935 1-17 S. of Flagstaff 3 3 3 

12 111.6284 34.7784 1631 1-17 S. of Fl~staff 4 4 5 

13 112.118 34.2362 900 1-17 N. of Phoenix 5 7 11 

14 110.0661 33.7932 1578 WhiteRiver 4 4 6 

15 110.1786 33.8603 1571 WhiteRiver 4 4 4 

16 110.4761 32.1701 1351 Happy Valley 6 6 6 

17 113.0653 33.5205 390 1-10 W. of Casa 12 11 12 
Grande 

18 113.6454 33.6146 402 1-10 W. of Cas a 12 11 12 
Grande 

19 113.8284 33.6404 306 1-10 West of Cas a 12 12 12 
Grande 
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• Field site location 
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Figure 7.1. Index of field sites 
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amount of travel. The range of feasible ground visits did not extend far enough northeast 

or northwest to include Great Basin or Mohave, nor far enough southeast to record 

Chihuahuan Desertscrub. Observations of these classes were made only during the aerial 

survey. As a result of these limitations, the ground survey provided a familiarization with 

different land-cover types rather than a systematic survey of representative sites. 

Ground sites were chosen on the basis of safety, accessibility and identifiability. 

Many of the sites were along highways and roads. Each site was photographed with a 35 

mm camera. Geographic coordinates were recorded using a Garmin hand-held GPS 

receiver. Two units were used, a model 55 and a model 40. Both are autonomous units 

with a spatial accuracy of approximately 100 m. 

The ground observations were entered into the GIS, where they were compared 

against the Brown and Lowe and the Summary Map. The results showed that 13 of the 

19 sites agreed between the field observations and Summary Map (table 7.2). The same 

proportion, 13 of 19, agreed with the Brown and Lowe map, although the 13 sites in 

agreement were not the same as those which agreed with the Summary Map. Agreement 

between the Brown and Lowe and Sumrxuu:y Map classification was limited to 12 of 19-

one less than the agreement with the field observations. Ten of the 19 sites agreed 

between all three sources. The low number of sample sites and the incomplete calculation 

sample prohibited the calculation of a meaningful K. 
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Table 7.2. Agreement between field sites and maps 

Comparison Agree Percent 

Field vs. Swnrruu:y Map 13 68% 

Field vs. Brown and Lowe 13 68% 

Summar):: map vs. Brown and Lowe 12 63% 

Field = Summary = Brown and Lowe 10 52% 

There were nine sites that showed disagreement with either the Summary Map or 

the Brown and Lowe map. Disagreement may be the result of misclassification of the field 

site, misclassification by the model, or misclassification in the Brown and Lowe map. 

Identifying the source of the disagreement for each of these sites is useful for 

understanding some the relationship between the three sources. 

Site 1 is located in the Santa Rita Experimental Range (figure 7.2). This site was 

classified as Grassland by field observation and by Brown and Lowe, while the rule-based 

model identified it as Chihuahuan. There is no question that the site should have been 

classified as Grassland: this classification was confmned during the field visit by Dr. M. 

McClaren, a field ecologist and University of Arizona professor (McClaren, personal 

communication, 1992). In this case, disagreement between the SUDUDiUY Map and the 

field observation is the result of classification error within the rule-based model. This 

kind of error results from overlap between class thresholds; in this case, the rule assigned a 

physiographic ally similar, but incorrect class to this site. 
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Figure 7.2. Site 1, Santa Rita Experimental Range, Grassland 

Figure 7.3. Site 4, Freeman Road, U. Sonoran 
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Site 4 is located east of the Tortillita mountains, near Freeman Road (figure 7.3). 

At this site the field observation was classified as U. Sonoran ,while both the Brown and 

Lowe and the Summary Map show Grassland. The site was characterized on the basis of 

its natural vegetation, which included numerous cactus and shrub species. The field 

classification as U. Sonoran rather than Grassland was based on a conspicuous lack of 

grass at the site. The absence of grass may have been the result of intensive grazing. 

Cattle were present at the site during the field visit, there were numerous corals and stock 

tanks in the area. In most places, the ground was littered with bovine fecal matter. 

Site 5 is located 111 route 60 between the Salt River Canyon and the White River 

turnoff (figure 7.4). The size of the site is the most likely source of disagreement. This 

site was characterized as Chaparral in the field, but was classified as o-p Woodland on 

both the Brown and Lowe and the Summary Map. This site was located on steep north 

facing slopes in a small valley running parallel to the road. The site may be too small to 

have been included in either the two maps. 

Site 10 is located in the parking lot just below the ski lift at Snowbowl ski resort -

the highest elevation in the San Francisco peaks accessible by car (figure 7.5). The field 

observations lead to an assignment of this location to Mountain Meadow. This 

assignment agrees with the Summary Map, but disagrees with the Brown and Lowe map 

which assigns it to Conifer. In this case, both classifications are probably correct the 

position used to characterize the site was taken at the edge of a large open area 

surrounded by conifers. 
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Figure 7.4. Site 5, Rt. 63, Chaparral 

Figure 7.5. Site 10, Snowbowl, Mt. MeadowlFir Forest 
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Site 12 is located along 1-17 south of Flagstaff (figure 7.6). The site was classified 

in the field and by Brown and Lowe as J-P Woodland, while the Summary Map identified 

o-p Woodland. The site is a wide, sloping plain covered with juniper bushes - in this 

case, the Summary Map classification is wrong. This misclassification is not swprising: 

o-p Woodland shares many characteristics with J-P Woodland - the Brown and Lowe 

class distinction is based on floristic criteria. These two classes have a high level of 

omission and commission errors among the previous comparison of the Brown and Lowe 

and the Summary Map (chapter 6). 

Site 13 is located along 1-17 north ofPhoerix (figure 7.7). There is no agreement 

between the field observations, the Summary Map or Brown and Lowe. The site was 

classified as Chaparral in the field, as Grassland by Brown and Lowe, and L. Sonoran in 

the Summary Map. Site 13 is located in an area where vegetation type varies within short 

distances. U. Sonoran vegetation species, including several varieties of cacti, were visible 

downslope from the site. Like site five, site 13 is a localized environment within a 

transitional area. When compared against the Summary Map and Brown and Lowe, the 

site is located at a junction of several land-cover types, including, Chaparral, Grassland, 

o-p Woodland and U. Sonoran. This small site appears to have been absorbed into a 

larger classified as Grassland on the Brown and Lowe map and U. Sonoran on the 

Summary Map. These two classes share many of the same species, and can be difficult to 

delineate in heterogeneous field areas such as this site. In this case, none of the 

classifications can be discounted as incorrect 
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Figure 7.6. Site 12,1-17 south of Flagstaff, J':fl Woodland 

Figure 7.7. Site 13, 1-17 north of Phoenix, ChaparraI/U. Sonoran 
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Site 14 is located along state highway 73 approximately three miles west of the 

town of White River (figure 7.8). The site is J-P Woodland in the field observations and 

the Brown and Lowe map, but as o-p Woodland in the Summary Map. The presence of 

junipers at the site indicates that the Summary Map is in error. The disagreement at this 

site is a second example of confusion between J-P Woodland and o-p Woodland. The 

two classes are physiographically similar, and the site is located in a part of the study area 

where both classes are present. 

Site 17 and 18 are located along 1-10 west of Casa Grande. The field classification 

of L. Sonoran is consistent with the Summary Map while the Brown and Lowe map 

depicts the site as U. Sonoran. These two classes are found overlapping physiographic 

zones. The distinction between them is usually made on the basis of biotic diversity and 

plant density. The U. Sonoran has more species and higher numbers of plants than the L. 

Sonoran. As evidenced in the photographs, both sites have few species and low plant 

density (figure 7.9 and 7.10). These sites are located within a tongue shaped polygon of 

U. Sonoran, which falls within a larger area of L. Sonoran on Brown and Lowe map. 

There is no corresponding polygon on the Summary Map. The U. Sonoran polygon by 

Brown and Lowe is likely to be in error. 

Confusion between physiographically similar sites was the most common source of 

classification disagreement among the sources. For several others, disagreement resulted 

from sites which may have been too small to be representative of the area sampled. Point 

observations of land-cover made in the field are limited to a small areas. In this study, the 
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Figure 7.8. Site 14, Rt. 73 near White River, J-P Woodland 

Figure 7.9. Site 17,1-10 west of Phoenix, L. Sonoran 
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Figure 7.10. Site 18.1-10 west of Phoenix, L. Sonoran 
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field observations were characterized on basis of the vegetation located within a radius of 

approximately 1 ()() m2 around each point. In contrast, global scale land-cover mapping 

requires large minimum mapping units (MMU). The MMU of the Summary Map was 9 

km2
• As a result, there is a scale disparity between the field observations and the map 

product. 

Another problem with the field observations is the ability to gather a representative 

sample. Six trips spanning over 3000 krn were made visiting the 19 ground sites used in 

this study. Nonetheless, the ground observations still lacked sufficient spatial extent and 

number to be considered a quantitatively rigorous field check. Lack of access into rugged 

terrain and the need to stay near roads further limited the ability to acquire representative 

observations. These shortcomings in the ground survey highlight the difficulties in using 

ground surveys to assess global land-cover, even when constrained to relatively small 

portion of the globe, such as the state of Arizona. 

7.2 Aerial Video Survey 

Light aircraft provide a means for covering large distances in a short length of 

time. Terrain does not limit access except in very mountainous areas and road access is 

never an issue. Observations made from aircraft offer a means for collecting land-cover 

information in areas which could not otherwise be visited. Video provides a technical 

means for recording and replaying imagery collected from light aircraft. With the 

incorporation of position information from a GPS receiver, it is possible to use aerial video 

efficiently collect transect samples of land-cover over long distances and rugged terrain. 
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Aerial obselVations were made for this study using color video imagery acquired 

from a light aircraft Two flights were made, totalling 2171 kin in length (figure 7.11). 

The flights were planned to overfly as many different land-cover types as possible in the 

minimum time. The first was a short, exploratory flight over southeastern Arizona on 

April 18, 1995. The second flight took place on August 1 and 2, 1995. This flight 

spanned the state, with a round-robin route from Tucson to Holbrook to Page to Bullhead 

City returning to Tucson. A Cessna 182, piloted by the author, selVed as the platform. 

The video camera was a Cohu 1310 series color video camera, with a 12.5 nun lens. GPS 

coordinates from a Trimble Pathfinder Basic Plus was stamped onto each video frame 

using a Horita GPT-50 unit The video was recorded in 8mm format. The flight path was 

recorded by the Pathfinder. 

Flying height was established at a nominal altitude of 460 m above ground level 

(agl). An exception to this was the portion of the flight through the Grand Canyon Special 

Flight Rules Area (SFRA), where regulations require a minimum altitude of 3200 m 

above mean sea level (msl). Altitude above ground level was estimated visually and 

verified by comparing barometric altitude against ground elevations depicted on 1 :500,000 

aeronautical charts. 

The Cohu camera has a field of view 30°. For these flights, the camera was 

oriented as a low oblique, approximately 15° off nadir. In this configuration, the camera 

has a spatial nominal resolution of 0.70 m at the bottom of the frame and 0.81 m at the 

top of the frame. The swath width is approximately 265 m. While this lacks detail 
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necessary to identify plant species, it is adequate for discerning the relative sizes of shrubs 

and trees, and qualitatively estimating plant densities. 

GPS positions were not differentially conected, giving a nominal spatial resolution 

of 100 m. The GPS receiver records the position of its antenna, which in this study was 

affIxed to the rear window of the aircraft. At 460 magI with 15° oblique view, the center 

of each video frame is offset 119 m to the left of recorded position of the flight path. For 

the pwposes of comparison with a classifIcation derived from 1 Ian A VHRR data, this 

spatial resolution is more than adequate. Each video frame is titled with the GPS position 

(figure 7.12). Latitude and longitude are depicted in degrees and decimal minutes. 

Altitude is recorded in feet above mean sea level. 

After the flying was completed, the tapes were analyzed in the laboratory. As the 

tape played, the positions of transitions between land-cover types were recorded. Land

cover type was visually interpreted from the video. Where the transition occurred over a 

distance of several kilometers, a video frame representing the center of the transitional 

segment was selected to assign the position. The video equipment did not operate 

perfectly during the survey. Technical problems resulted in gaps in the video coverage, 

resulting in gaps along the flight lines. Out of a total of2171 Ian flown, there were 1539 

kIn of usable video data. This coverage represents a sample of 354 km2
, 0.12% of the 

total area mapped. All land-cover types, with exception of Tundra and Mt. Meadow, 

were identifIed in the video data. 
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Identifying vegetation type to the community level is an uncertain process. Many 

of the classes defmed by Brown and Lowe are separated by the presence or absence of 

specific plant species. With few exceptions, positive identification of a plant species is 

based on the recognition of specific physiological traits, such as the shape of leaves or 

seeds. These features are not visible in the aerial video. The video interpretation had to 

be based on the recognition of gross features, such as trees, shrubs or open grassy spaces, 

in association with a-priori knowledge about the physiographic and geographic 

distribution of land-cover within the state. In this case, the interpreter had the benefit of 

making first-hand observations during the video survey and familiarity with the Brown and 

Lowe map. 

Some classes were easy to identify. The forest classes, with distinctively shaped 

spruce and pine trees were easy to recognize. The deserts and woodlands, in contrast, 

required a-priori knowledge to classify. The Mohave, Great Basin, Sonoran and 

Chihuahuan Deserts were nearly indistinguishable from one another in the video imagery. 

J-P Woodland, Chaparral and Oak-Pine Woodlands were similarly difficult to distinguish. 

A knowledge of their geographic and physiographic limits were necessary to assign a class 

based on the location along the video transect. It was possible to identify the deserts with 

some confidence because they have large homogenous areas with little spatial overlap. In 

contrast, the woodland classes could not be identified as confidently. The three classes 

overlap in both geographic extent and elevation, and occupy relative small areas between 

the deserts and forests. 



192 

The video interpretations were entered into the GIS for comparison with the 

S\lIlllJ'Ul{)' Map and the Brown and Lowe. The point locations of the land-cover 

transitions were plotted on top of the flight lines. The flight lines were broken into 

segments at the transitions. Each line segment was assigned an attribute for land-cover 

type. The video transects were subsequently overlaid with the S\lIlllJ'Ul{)' Map and the 

Brown and Lowe map, breaking the transect into a larger number of segments, each 

carrying an attribute for video interpretation, Brown and Lowe and Sumlll3.IY Map land

cover class (figure 7.13). 

A comparison of segment le!!gths (table 7.3) shows the difference between the 

occurrence of classes along the transects. Transect lengths were more similar between 

the video classification and the Summary Map than between the video and the Brown and 

Lowe map. The most conspicuous disagreement is present in the lengths of the Grassland 

class. The majority of this disagreement represents the portion of the transect between 

Holbrook and Page. Brown and Lowe classify this area as Grassland. The video 

observations do not support his classification; there are numerous shrubs visible in the 

video throughout this areas, as well as large areas of "badlands" - eroded and dissected 

surfaces covered with low shrubs. 

A second source of disagreement is the presence of class 8, Mountain Meadow in 

the S\lIlllJ'Ul{)' Map classification of the transect. This class is not obviously present in the 

video imagery nor in the Brown and Lowe map along the transect. There is, however, 

small area of this class in the Sumlll3.IY Map which is overlaid by the video transect. This 
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Table 7.3. Length of video transect by land-cover class 

Video Summary Brown & 
Class Interpretation Map Lowe 

Length (m) Length (m) Length (m) 

2 21445 28588 22940 

3 75581 116657 55274 

4 102516 80133 175317 

5 36217 61579 45032 

6 46018 81511 46429 

7 156170 128853 541891 

8 0 2046 0 

9 447479 400150 228886 

10 309051 290336 223418 

11 117938 121545 146108 

12 130219 123833 36209 

13 96694 104099 17825 

Total 1539328 1539328 1539328 
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area is located in the center of the Kaibab Plateau. The Brown and Lowe map depicts a 

narrow strip of Grassland running down the middle of the plateau. The corresponding 

segment of video is classified as Fir Forest. 

On closer examination of the video, this situation was clarified (figure 7.14). 

There is a narrow strip grassy land-cover where highway 67 runs northward from the 

north rim of the Grand Canyon. Brown and Lowe classified this strip as Grassland, 

although the elevation exceeds the upper limit they defined for this class. For most of its 

length, the strip is long and narrow. As a result, most of it was not large enough to be 

reliably detected within the 1 km resolution of the A VHRR imagery. Only a small area 

where the strip was wide enough to be detected was mapped as Mt. Meadow on the 

Summaxy Map. When the video was re-examined in more detail, it became apparent that 

this small area was overlooked in the video interpretation. 

Confusion matrices were used to evaluate the relationship between the video 

interpretation, Summary Map and the Brown and Lowe classes found along the video 

transect. The comparison of the video interpretation with the SUOlJDaxy Map showed an 

agreement of 65% and a K value of .5944 (table 7.4 and 7.5). The greatest source of 

confusion was between classes 4, 5 and 6, which are woodland classes. This result was 

not surprising, given the difficulty in interpreting these classes from the video. The Fir 

Forest and Conifer classes had the best agreement. The desert classes also showed good 

agreement. 
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Figure 7.14. Mt. Meadow on the Kaibab Plateau 



Table 7.4. Confusion matrix between video interpretation and Summwy Map 
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0-2 0 11604 1716 0 0 0 0 1125 0 0 0 0 0 21445 

c.., 0 .n, 51100 396' 0 426C 0 921 0 0 0 0 0 75511 

c..4 0 1650 116'1 21196 U726 34115 5477 0 0 0 0 0 0 101516 

Clas5 0 0 0 0 11445 165. '532 0 0 0 5511 0 0 36217 

c..6 0 0 ]]779 m 2910 9126 0 0 0 0 0 0 0 46011 

c..7 0 0 J407 10142 5916 15560 41171 0 39514 0 7765 0 '1141 156110 

CIas. 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

c..9 0 0 1024 ]2409 0 0 22756 0 J60565 30723 0 0 0 447479 

c..IO 0 0 0 0 0 0 15712 0 0 23505. 296]) 25]11 '260 JO!I05I 

0-11 0 0 0 2296 20441 2144 21491 0 0 0 71416 0 151 1179]1 
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1001044 
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Table 7.5. Agreement between video interpretation and SW1lJ1"UlIY Map 

Errors of Errors of Percent 
Omission Commission Correct 

Class 2 34.92% 13.25% 86.75% 

Class 3 50.20% 23.13% 76.87% 

Class 4 64.81% 72.50% 27.50% 

Class 5 70.05% 49.07% 50.93% 

Class 6 88.80% 80.17% 19.83% 

Class 7 68.04% 73.63% 26.37% 

Class 8 100.00% 0.00% 0.00% 

Class 9 9.89% 19.42% 80.58% 

Class 10 19.04% 23.94% 76.06% 

Class 11 41.24% 39.45% 60.55% 

Class 12 20.45% 24.35% 75.65% 

Class 13 33.87% 28.81% 71.19% 

Overall 34.51% 34.51% 65.49% 
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The video showed better agreement with the Summary Map than it did with the 

Brown and Lowe map. The confusion matrix and analysis of errors of commission and 

omission (table 7.6 and 7.7) show an overall agreement of 52% and a K value of .4598, 

less than those observed between the video and the Summary Map. Much of the 

disagreement results from the area of Grassland identified by Brown and Lowe in the 

northeastern comer of the state. As above, the woodland classes were also a source of 

disagreement. 

Agreement between the summary and Brown and Lowe classes along the transects 

was also tested (table 7.8 and 7.9). The results showed an overall agreement of only 42% 

and a K of .3476. Disagreement between woodland classes and between desert and 

grassland classes was the source of the low values. The values are lower than the overall 

agreement measures for the entire area of the two maps, indicating that the transect passed 

through a higher than representative number of disputed areas. Part of this higher level 

disagreement may have been the comparatively large segment of the transect crossing 

over the northeastern part of the state. Proportionally less data was collected over the 

southwestern part of the state, where the two maps showed better agreement. 

Generalizing the 13 classes in four general classes improved agreement between 

the video interpretation and the Summary Map. Although the confusion matrix and table 

of commission/omission error show an overall agreement of 78%, the K value of was only 

.5469 (table 7.10 and 7.11). This value is lower than the K value for the 13 classes, 
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Table 7.7. Agreement between video interpretation and Brown & Lowe 

Errors of Errors of Percent 
Omission Commission Correct 

Class 2 66.81% 64.49% 35.51% 

Class 3 33.66% 51.49% 48.51% 

Class 4 70.73% 49.95% 50.05% 

Class 5 63.48% 54.59% 45.41 % 

Class 6 30.49% 29.86% 70.14% 

Class 7 73.02% 6.39% 93.61% 

Class 9 8.70% 53.30% 46.70% 

Class 10 2.51% 29.52% 70.48% 

Class 11 67.74% 60.03% 39.97% 

Class 12 0.00% 72.19% 27.81% 

Class 13 18.01% 84.89% 15.11% 

Overall 47.04% 47.04% 52.96% 
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Table 7.9. Agreement between Summary Map and Brown & Lowe 
for video transects 

Errors of Errors of Percent 
Omission Commission Correct 

Class 2 34.89% 47.75% 52.25% 

Class 3 31.87% 67.72% 32.28% 

Class 4 70.35% 35.12% 64.88% 

Class 5 35.41% 52.76% 47.24% 

Class 6 81.85% 89.66% 10.34% 

Class 7 85.64% 39.59% 60.41% 

Class 8 0.00% 100.00% 0.00% 

Class 9 23.30% 56.13% 43.87% 

Class 10 27.28% 44.04% 55.96% 

Class 11 64.29% 57.08% 42.92% 

Class 12 7.29% 72.89% 27.11% 

Class 13 48.28% 91.14% 8.86% 

Overall 57.58% 57.58% 42.42% 
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Table 7.10. Confusion matrix between video interpretation and SumlXUlIY Map 
for four generalized classes within the video transect 

R ows: V·d In 1 eo terpretatton IC I o umns: S ummary M ap 

Mountain Woodland Grassland Desert Totals 

Mountain 88799 8227 0 0 97026 

Woodland 54061 116099 9009 5581 184750 

Grassland 3407 32388 41178 79197 156170 

Desert 1024 66507 78665 955184 1101381 

1201261 

Totals 147291 223222 128852 1039962 1539327 

Table 7.11. Agreement between video interpretation and Summaxy Map 
for four generalized classes within the video transect 

Errors of Errors of Percent 
Omission Commission Correct 

Forest 39.71% 8.48% 91.52% 

Woodland 47.99% 37.16% 62.84% 

Grassland 68.04% 73.63% 26.37% 

Desert 8.15% 13.27% 86.73% 

Overall 21.96% 21.96% 78.04% 
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indicating there is better separation with all 13 classes. Among the generalized classes, 

Forest and Desert classes showed the best overall agreement, Grassland and Woodland 

had less agreement, with Grassland showing the least. Even at this coarse level of 

classification, the identification of grasslands is problematic. 

The criteria for separating Grassland from Woodland and Desert classes is difficult 

to detect using remote sensing techniques. J-P Woodland and o-p Woodland have a 

grass understory, as do the Desert classes. It is not possible to quantify the difference 

between Grasslands and other classes with grass. Brown and Lowe make the distinction 

based on the presence of certain indicator species and qualitative field observations of 

physiography and wildlife. These characteristics cannot be reliably detected using coarse 

resolution imagery. 

The K statistics indicate that the best agreement is between in the video transects 

and the SumJDaIY Map for all 13 classes (table 7.12). Second to this was agreement 

between the video transects and the Summary Map for all 4 classes. These results are an 

encouraging indicator of the relative accuracy of the rule-based model in separating land

cover classes. Unlike the Brown and Lowe map, which served as the spatial basis for the 

rule-based model, the video interpretation provides an independent source of land-cover 

information. While K = .5954 is a low level of agreement relative to conventional means 

of land-cover mapping and verification, it provides an indication that there is positive 

agreement between video and A VHRR land-cover classification. 
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Table 7.12. Comparison of agreement 

Comparison Percent Agreement Cohen's Kappa K 

Video - Swnmar)! Map 13 Classes 65.49% 0.5944 

Video - SUmmilOl Map 4 Classes 78.04% 0.5469 

Video - Brown and Lowe 52.92% 0.4598 

Summar)! Mall - Brown and Lowe 42.42% 0.3476 

7,3 Oyerall Eyaluation 

It is difficult to use traditional field methods for assessing the accuracy of a global 

scale land-cover map. The long distances and large mapping units make gathering a 

representative sample prohibitive. Nonetheless, even a small number of field sites can 

provide valuable insight into the spatial patterns and heterogeneous nature of the land

cover classes. The comparison between the field observations, the SummilOl Map and 

Brown and Lowe Map showed that it was as difficult to validate the Brown and Lowe 

classification as it was to validate the Summary Mall. 

Aerial video provides a means for overcoming some of the difficulties inherent in 

field accuracy assessments. A large transect sample can be acquired over long distances 

in a short time. A draw back is the lack of detail present in the video imagery. Land

cover interpretation from the video imagery is less certain than field observations. Only 

generalized observations of plant size and density can be made. Interpretation of specific 

land-cover classes requires a-priori knowledge of the geographic and physiographic 

characteristics of the land-cover classes. 
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Despite the experimental nature of video land-cover assessment, it proved to be a 

valuable tool for validating the results of the rule-based model. The comparison between 

the video interpretation, the Summaxy Map and Brown and Lowe showed that the best 

agreement was between the video and the Sullllll3.[y Map. The agreement indicates that 

video assessment offers a viable tool for assessing global scale land-cover maps. Both 

techniques of rule-based classification and video assessment are in early stages of 

development The level of agreement suggests that additional refinement of each 

technique can yield even better results. 
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8. DISCUSSION AND CONCLUSIONS 

The objective of this study was to investigate rule-based classification of hyper

temporal, multi-spectral satellite imagery for mapping and monitoring land-cover at a 

global scale. The study has accomplished this goal, through an implementation of a rule

based model on three years of A VHRR data. The characterization of the EDC data set 

for Arizona provided valuable insight into the advantages and disadvantages of using a 

pre-processed data set. The modelling environment provided a means for examining the 

relationship between spectral, thermal and terrain characteristics. The model output three 

annual land-cover maps, whic' . '.JJere evaluated for inter-annual change. These maps were 

combined into a single map summarizing the results for comparison with other sources of 

land-cover information. The comparison with the Brown and Lowe map, which served as 

a key input, showed that the model created a new, different depiction of land-cover. The 

comparison with clustering results showed that the model produced a more detailed land

cover characterization. The field and video observations indicated that the rule-based 

model depicts land-cover better than the Brown and Lowe map. 

A review of current research literature had indicated the potential of rule-based 

modelling of A VHRR imagery for globalland-cover classification. The results of this 

study support many of the assertions made in the literature, and advances others. The 

application of NDVI phenological characteristics for classification builds upon the work of 

Tucker et al. (1985), Goward et al. (1985), Justice et al. (1985) and Lloyd (1990). The 

implementation of a rule-based model for image classification builds upon the work of 
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Bolstad and Lillesand (1992a&b) and Middelkoop and Jansen (1991). The incorporation 

of terrain data was suggested by the work of Hutchinson (1982), Richards et al, (1982), 

Janssen et al, (1990) and Brown et al, (1993). A much smaller body of work suggested 

the incorporation of thermal data for classification - Li's dissertation (1992) provided the 

most substantial application of A VHRR thermal data for land-cover mapping. 

Loveland et al.'s (1991) work laid the foundation for deriving global scale land

cover data from the EDC data set. Their follow-on publication of the 1995 Seasonal 

Land-coyer Re~ons map presented a detailed depiction of land-cover covering the 

conterminous United States. Its developmf,; It was contemporaneous with this study'S 

implementation of the rule-based model for Arizona. Their map was published in the June 

1995 of Annals of the AAG, after the bulk of the research for this study was completed. 

Although their map covers more area and has more classes than the Summax:y Map, this 

more intensive study offers a number of improvements. The extraction of NDVI 

characteristics from a full year's data set, the incorporation of thermal data and the use of 

a rule-based classification technique build upon Loveland eL al.'s (1995) technique. In 

addition, the Seasonal Land-coyer Re~ons map lacks a field accuracy assessment - like 

most attempts at global scale land-cover mapping, its validation rests on comparisons with 

existing land-cover maps. In contrast this study included a field accuracy assessment 

technique using GPS referenced aerial video, inspired by the work of Marsh et al, (1993). 

The Contenninous U.S. AYHRR Data Set on CD ROM spanning 1990 to 1992 

was among the earliest multi-temporal, 1- km resolution AVHRR composite data sets 
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published in a mass media fonnat. It was intended to be the vanguard of a global A VHRR 

data set, and a prototype for future data products expected from EOS. Detailed 

examination of the portion of the data set covering Arizona provided a number of valuable 

insights into its strengths and weaknesses. 

Using the EOC data set saved a great deal of pre-processing time and provided a 

spatial and temporal framework for analysis. Previous studies of A VHRR imagery of 

Arizona have been limited to a small number of images. Li's (1992) work was limited to 

five images representing single dates during a single year. The availability of a pre

processed, calibrated, georeferenced data set made it possible to use 61 images spanning 

three years. The bi-weekly compositing reduced the effects of clouds. The co-registered 

terrain data supplied with the companion disk further facilitated the modelling effort. 

Despite the overwhelming advantages of using the EOC data set rather than raw 

A VHRR data, there were some drawbacks. The bi-weekly compositing process did not 

entirely eliminate the effect of clouds and introduced speckling. The process biased the 

data set towards peak NOVI conditions and created spatially contiguous images whose 

pixels have different acquisition dates, view angles and illumination angles. Errors in 

single date georeferencing resulted in smearing, duplication and omissions in the 

composite images. 

Examination of three years of NOVI and thermal seasonality showed that land

cover classes could be separated on the basis of phenology and temperature. The NOVI 

curves were consistent with the seasonality of their representative land-cover type. The 



thennal curves had the same shape, but different values, indicating mean temperature 

differences between land-cover types. 
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The NOVI and thermal curves served as the basis for selecting inputs for the rule

based model. A total of 15 characteristic layers were extracted. These layers included 11 

NOV! phenology characteristics, three thennal characteristics and elevation. Correlation 

analysis indicated redundancy between many of these layers. Eight layers, NOVI 

magnitude, NOV! range, thermal magnitude, thermal range, elevation, peak date and 

skew, contained the majority of the infonnation. The peak values and mean seasonal 

values contributed little. 

The rule-based model was implemented on alliS characteristic layers. The first 

rule implemented in the model was a threshold rule. Thresholds were established for each 

land-cover class for each characteristic layer based on the mean and standard deviation 

values. The upper threshold was two standard deviations above the mean, the lower, two 

standard deviations below. This rule resulted in broad ranges with a great deal of overlap 

between land-cover classes within each characteristic layer. The application of the 

thresholds within the model showed that the elevation was the most effective at separating 

land-cover classes, followed by thennal and NOVI characteristics. The threshold rule was 

able to positively assign a class to only about 20% of the study area; the remaining 80% 

was represented by two or more classes. 

The ambiguity in class assignment was resolved within the model using a minimum 

distance rule. A maximum likelihood rule was applied in the case of the peak date 
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characteristic layer, which had nominal values. This step produced a land-cover map for 

each characteristic layer. A comparison of these 15 intermediate maps showed generally 

good agreement between them: 30% agree entirely, and 65% were spread between two or 

three classes. The final step in the model was a majority rule, which assigned land-cover 

based on the value represented by a majority of the intermediate maps. The model was 

run three times, creating a single land-cover map for each year. 

Although the rule-based design biases the model against detecting inter-annual 

changes in surface characteristics, there were significant differences between the three 

annual maps. Only 55% of the total study area agreed between all three years. Vol hen 

land-cover classes were combined into four very generalized classes, between year 

agreement improved to 75%, indicating that 25% of the study changed from one gross 

land-cover class to another. There is no evidence that land-cover changed at this order 

of magnitude between 1990 and 1992. Instead, the vast majority of change must be 

attributed to variability in spectral and thermal characteristics, resulting from system noise, 

cloud contamination and misregistration. 

While only 55% of the study area agreed between all three years, 94% showed 

agreement between two years. This result indicated that the three annual maps could be 

combined into a single map, improving classification accuracy by reducing the effects of 

variability within the data set. The three maps were combined using a temporal and spatial 

majority rule. The result, called the Summax:y Map, represents the fmal product of the rule 

based model. 
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Comparisons between the SllIIU11alY Map and the Brown and Lowe map showed 

generally poor agreement. With 13 classes depicted, the SullllDiltY Map exhibited only 

51 % agreement (K = .4525) with the Brown and Lowe map. Much of the disagreement 

was between Great Basin and Grassland in the northeastern portion of the state. 

Generalizing the classes and eliminating the distinction between the desert and grassland 

classes improved the classification to 82% (K = .6202). This comparison showed that the 

SummatY Map is significantly different from the Brown and Lowe map. 

The SummatY Map was also compared with a cluster classification. The clustering 

procedure validated the concept that land-cover class could be separated on the basis of 

seasonal patterns of NDVI and thermal values. Although 19 spectral-thermal clusters 

were identified, only 10 land-cover classes could be associated. Tundra, Fir-Forest and 

Alpine Meadow could not be distinguished from one another, nor could Chaparral be 

distinguished from O-P Woodland. When the SummatY Map, cluster map and Brown 

and Lowe map were compared, the best agreement was between the cluster map and the 

Summaxy Map. 

The best validation of a map is not against other maps, but against direct 

observations of the features mapped. Nineteen field sites were visited. Field 

observations of land-cover type were compared against the Summary Map and the 

Brown and Lowe map. Only 10 of the sites agreed between all three sources, while 13 

agreed between field and Brown and Lowe, and 13 agreed between field and Summary 

Map. Although the number of sites is too small to be considered statistically significant, 



the comparison demonstrated that the same level of agreement between the Brown and 

Lowe map, constructed from field observations, and the SulllJlla.IY Map, which was 

derived from the A VHRR data set. 
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Aerial video is a relatively new tool for map accuracy assessment This study is 

one of the first applications of GPS referenced aerial video for land-cover mapping. The 

video imagery was visually interpreted and plotted into the GIS as a transect sample. The 

Summary Map and the Brown and Lowe map were sampled with the sample transect. 

The comparison of the samples showed the best agreement when evaluating all 13 land

cover classes was between the video interpretation and the Summary Map at a level of 

66% (K = .5944). 

The field and video observations lead to the conclusion that the Summary Map is 

as good or better depiction of land-cover within the state of Arizona as the Brown and 

Lowe Map. As an absolute, 66% agreement seems low. Land-cover classification using 

traditional remote sensing techniques, such as photo-interpretation or automated 

processing of multi-spectral satellite data, typically result in accuracies of 80% or more. 

However, there are many unquantifiable uncertainties underlying both maps, as well as 

the means for assessing them in the field. The Brown and Lowe map represents the 

synthesis of many field observations by numerous scientists, which have then been 

extrapolated to statewide dimensions. While there is a high level of confidence in the 

point observations, uncertainty increases with distance from the observations. In 

contrast, the spatial framework of the SulIllllaIY Map ensures that each 1 km grid cell 
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contains the same level uncertainty. The uncertainty in the SuJllJlUlIY Map is cumulative 

from the quality of the EOC data to the ability of rule-based model to distinguish land

cover classes. Uncertainty in the field observations results from the heterogeneity of 

many of the land-cover classes and the difficulty in observing an entire 1 km area. 

Uncertainty in the video assessment stems from the difficulty in identifying land-cover 

types in the imagery, and positively assigning the position of land-cover transitions. 

Given these many sources of uncertainty, the level of agreement between the maps 

and observations can be considered to be favorable. The EOC data set, the rule-based 

classification method and the video accuracy assessment technique are all new and 

experimental. The purpose of this study was to experiment with them, to investigate their 

potential for global land-cover mapping. The results of this study indicate that the 

potential is there. They show that thermal and elevation data are valuable supplements to 

NOVI data and that rule-based modelling can discriminate more land-cover classes than 

cluster classification techniques. They show that aerial video can provide a rapid, 

efficient means for sampling a global scale land-cover map. With refinement, the 

techniques developed for this study can be applied to map land-cover with greater detail 

and accuracy 

Additional work is required in three areas: improving the quality of the source 

data, simplifying the model and its inputs and further developing aerial video as a field 

accuracy assessment tool. The responsibility for improving the quality of the source data 

lies not only with the EOC, but with numerous U.S. and international remote sensing 
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agencies. Data quality improvement is an important issue currently being addressed by 

the EDC in cooperation with IGBP efforts in developing the global A VHRR data set 

The data quality requirements for EOS are currently being established by scientists using 

the EDC data. These requirements are driving development of sensor technology and 

data distribution. 

One of the challenges of this study was to detennine the inputs and processing 

steps for a successful rule-based classification model. These ultimately evolved into a 

complex implementation with hundreds of lines of AML code, requiring hundreds of 

megabytes of storage. Of the 15 inputs used in this study, only eight were actually 

required. Additional thematic layers could replace the unnecessary inputs. Perhaps the 

most valuable would be climatological data such as temperature and precipitation. These 

data have traditionally been unavailable in a GIS compatible fonnat; however, spatially 

interpolated data sets are becoming available. Other thematic infonnation such as soils, 

geology and supplemental land-cover characteristics might also be included. 

As higher quality data becomes available, it should be possible to better define 

separation between classes. The implementation of the model in this study treated each 

year of data separately until the last step. It should be possible to enhance the model by 

incorporating a more iterative classification. By evaluating data over longer time periods, 

the model could "learn" from previous years' classifications and use the information to 

refme the classification of subsequent years. An iterative model would represent a step 
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closer towards artificially intelligent classification. Such a modelling technique would also 

improve the ability to detect and measure inter-annualland-cover change. 

Map accuracy assessment with GPS referenced aerial video is in its infancy. The 

assessment for this study was done with very simple equipment. More work is needed in 

both the technical and procedural areas. Improvements in image quality are needed to 

increase confidence in interpretation. These improvements might be made by using a 

larger format video camera, a lens with zoom capability, and by incorporating bi-spectral 

and multi-spectral video sensors. GPS position can be made more precise with 

differential corrections. More transects covering more area would have been desirable. 

More representative sampling techniques using GIS for flight planning need to be 

developed as well. 

One shortcoming with the rule-based modelling technique is the need for a priori 

knowledge about the vegetation classes. In this study, there were already several land

cover maps and a wealth of knowledge about the factors influencing the spatial 

distribution of land-cover within Arizona. Existing infonnation is much sparser elsewhere 

in the world There are several approaches to overcome this obstacle. One method would 

be to use the rule-based modelling technique to improve the resolution of existing coarse 

resolution maps. Another approach would be to establish tlrresholds based on 

representative samples selected from maps or known field sites. In this case, 

interpretation of GPS referenced aerial video could be used to help establish initial classes. 
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Technological advancements are rapidly integrating remote sensing, GIS and GPS 

into a powerful means for collecting and analyzing spatial information. Packaged data 

sets such as that developed by the EDC are becoming more prevalent Continuing 

research is necessary to intelligently use these tools to solve global problems. The critical 

task of global land-cover mapping will continue to demand the attention of the 

international scientific community well into the next century. Geographers can playa key 

role by providing the conceptual framework for interpreting land-cover. This study has 

demonstrated that rule-based classification of hyper-temporal, multi-spectral satellite 

!. lagery has considerable potential for mapping global land-cover. 



APPENDIX A 
Lambert Azimuthal Equal Area (LAZEA) projection 

Parameters: 
Radius of sphere 
Longitude of central meridian 
Latitude of origin 
False easting 
False northing 
Units of measure 
Pixel size 

For the conterminous United States 
Center of pixel (1,1) 
Number of lines 
Number of samples 
LAZEA minimum bounding rectangle: 

In projection meters: 
Lower left 
Upper left 
Upper right 
Lower right 

In decimal degrees oflongitude and latitude: 
Lower left 
Upper left 
Upper right 
Lower right 

6,370.,997.0. meters 
10.0. 0.0. 0.0. West 
45 0.0. 0.0. North 
0. 
0. 
meters 
1,0.0.0. meters 

(-20.50.0.0.0., 7520.0.0.) 
2,889 
4,587 

( -20.50.50.0., -213650.0. ) 
(-20.50.50.0., 75250.0.) 
(253650.0., 75250.0.) 
( 253650.0., -213650.0.) 

(-119.9722899 23.5837576) 
(-128.530.0.591 48.40.30.555) 
( -65.3946489 46.70.48989) 
( -75.4163527 22.4793919) 

In degrees, minutes, and seconds of longitude and latitude: 
Lower left ( -1195820. 23350.2) 
Upper left ( -12831 48 4824 11 ) 
Upper right ( -65 23 41 46 42 18 ) 
Lower right ( -75 24 59 22 28 46 ) 
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APPENDIXB 
EROS Data Center Compositing Periods 1990-1992 
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1990 Date Day of Interval CD ROM 
Period 

POI 03/02-03115 67 1 

P02 03116-03/29 81 14 1 

P03 03/30-04/12 95 14 1 

P04 04113-04126 109 14 1 

P05 04/27-05110 123 14 2 

P06 05111-05/24 137 14 2 

P07 05/25-06/07 151 14 2 

P08 06/08-96/21 165 14 2 

P09 06/22-07/05 179 14 3 

PI0 07/06-07/19 
I 

193 14 3 

Pll 07/20-08/02 207 14 3 

P12 08/03-08/16 221 14 3 

P13 08/17-08/30 235 14 4 

P14 08/31-09113 249 14 4 

P15 09114-09/27 263 14 4 

P16 09/28-10111 277 14 4 

P17 10112-10/25 291 14 5 

P18 11109-11122 319 28 5 

P19 12/07-12/20 347 28 5 



1991 

POI 

P02 

P03 

P04 

P05 

P06 

P07 

P08 

P09 

P10 

P11 

P12 

P13 

P14 

P15 

P16 

P17 

0 

P19 

P20 

P21 

Date 

01104-01/17 

02/01-02/13 

03/01-03/14 

03/15-03/28 

03/29-04/11 

04/12-04/25 

04/26-05/09 

05/10-05/23 

05124-06/06 

06/07-06/20 

06/21-07/04 

07/05-07/18 

07/19-08/01 

08/02-08/15 

08/16-08/29 

08/30-09/12 

09/13-09/26 

09/27-10/10 

10/11-10/24 

11108-11121 

12/06-12/19 

Day of 
Period 

375 

403 

431 

445 

459 

473 

487 

501 

515 

529 

543 

557 

571 

585 

599 

613 

627 

641 

655 

683 

711 

222 

Interval CD ROM 

1 

28 1 

28 1 

14 1 

14 2 

14 2 

14 2 

14 2 

14 3 

14 3 

14 3 

14 3 

14 4 

14 4 

14 4 

14 4 

14 5 

14 5 

14 5 

28 5 

28 6 
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1992 Date Day of Interval CD ROM 
Period 

POI 01110-01123 746 1 

P02 01131-02/13 767 21 1 

P03 03/06-03/09 802 35 1 

P04 03/20-04/02 816 14 1 

P05 04/03 -04/16 830 14 2 

P06 04/17-04/30 844 14 2 

P07 05/01-05/14 858 14 2 

P08 05/15-05/28 872 14 2 

P09 OS/29-06/11 886 14 3 

PI0 06/12-06/25 900 1"4- 3 

Pll 06/26-07/09 914 14 3 

P12 07/10-07/23 928 14 3 

P13 07/24-08/06 942 14 4 

P14 08/07 -08/20 956 14 4 

P15 08/21-09/03 970 14 4 

P16 09/04-09/17 984 14 4 

P17 09/18-1 % 1 998 14 5 

P18 10/02-10115 1012 14 5 

P19 10/16-10/29 1026 14 5 

P20 11113-11126 1054 28 5 

P21 12/11-12/24 1082 28 6 
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APPENDIXC 
NDVI and Thennal Seasonal Curves for 1991 and 1990 
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