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ABSTRACT 

The aim of this thesis was to investigate various methods of mapping land cover types 

in the savannas of northern Australia by using remotely sensed imageries and GIS 

tools. The questions were about the type and resolution of imageries as well as the 

digital image analysis methodology that would best map the land cover types of the 

region. 

Several image classification techniques in combination with various resolution 

imageries were used to classify land cover types in semi arid savannas at various 

study sites in the Victoria River District of the Northern Territory of Australia. The 

efficacy of the data sets and the techniques was tested at several study sites, most 

notably Kidman Springs Research Station and Mathison Station. 

Various combinations of imagery and digital image analysis methods were used at the 

Kidman Springs site. These were then used to predictively classify land cover types at 

the Mathison study area. This was done to test the validity of the image analysis 

techniques used at the Kidman Springs site in a wetter and more densely vegetated 

area as well as to test the influence of these environmental parameters on the 

classification results. 

It was consistently found that the finer resolution imagery (SPOT XS) combined with 

an unsupervised classification technique best performed in differentiating the major 

land cover types in both the study sites. Overall classification accuracy was in the 

vicinity of 65%-80%. The classification results at the Mathison area was poorer than 
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the Kidman Springs site largely because of the influence of the more rugged and 

varied terrain at the later region. A GIS analysis technique using a digital elevation 

model (OEM), however, enhanced the classification accuracy considerably by 

reducing the ambiguity in the classified imageries. 

A method of spectral signature extrapolation was developed from the Kidman Springs 

data set. and applied as a classification mask to Mathison study site and to a larger 

surrounding region. This worked reasonably well in mapping the major land cover 

types of the wider region, although there were some limitations. 

As a whole. the problems of land cover classification in the region were not entirely 

methodological. Rather, the problem of digital image classification for land cover 

mapping in the savannas of the region lies largely in the definition and delineation of 

the land cover classes of the region. The classification scheme available for defining 

and delineating the land cover class boundaries in the region was based on the spatial 

characteristics of the land cover types. It is hypothesised that a redefinition of the land 

cover types of the region on the basis of the spectral characteristics of the components 

of the land covers will produce improved classification accuracy in the region. 
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CHAPTER 1 

Introduction 



l.llntroduction 

The task of mapping savanna land in northern Australia remains a big challenge to the 

scientific community. Because of the vast extent of the land, complex nature of 

vegetation distribution and terrain, and the associated high cost, an alternative 

approach to traditional field mapping is necessary. The present study primarily airm 

to explore approaches to this problem. using modem remote sensing and spatial 

technologies. 

Land-cover mapping can be done in two ways, by conventional field mapping or by 

using satellite-based technologies. Whereas a conventional field mapping approach is 

labour, money and time intensive, the satellite technology remains the cost-effective 

approach for most purposes. Considering the vast expanses of savanna land in 

northern Australia, a field approach of mapping appears to be non-viable. Although 

satellite imageries have been used to map and monitor land cover types elsewhere in 

the world, the large-scale mapping of the savanna land by remotely sensed data in 

northern Australia is yet to be evaluated. Matheson ( 1991, 1994) applied a 

classification algorithm to test sites grading from sub-tropical to arid zones along a 

rainfall gradient in north Australia. Matheson ( 1994) reported that green vegetation 

cover relative to background on Landsat MSS showed differences in spectral 

responses from sub-tropical to arid test sites, and the spectral response from 

vegetation in the arid areas showed darkening effects. The spectral response from 

vegetation was obviously different at different sites as recorded by MSS imagery, 

which indicated that one image processing technique was not capable of classifying 

and mapping the savanna land in one single approach. 
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Unlike the forest vegetation, the distribution of savanna is very complex. Tropical 

savannas consist of structurally simple trees over a layer of grasses and other herbs. 

However, the savanna types, the abundance and the composition of both the tree and 

grass strata vary considerably in response to variations in plant available moisture 

(PAM) and available nutrients (AN), which in tum reflect annual rainfall and soil 

texture (Tothill and Mott 1985, Skarpe 1992, Williams et al. 1996, Williams et al. 

1997). Thus variation in spatial structure and composition may make the classification 

process difficult. Considering the complex nature of vegetation distribution in savanna 

country and the difficulties reported by researchers in mapping them gives rise to the 

questions of whether satellite image data can map savannas over a large area and with 

what level of mapping accuracy. Such questions are explored in this thesis. 

1.2 Savannas 

Derived from an American-Indian word that was first used in the sixteenth century to 

describe the treeless grasslands in the West Indies, the tenn savanna has since been 

used to describe the mixed tree and grass type of vegetation found in all tropical 

latitudes (Cole 1986). In the individual continents the tenn has been applied to 

different forms of vegetation, and in some areas local terms have been introduced for 

distinctive structural types (Cole 1986). Although there is no corrunonly agreed 

definition of the word savanna (Bourliere 1983), there is increasing consensus that, 

characteristically, savanna vegetation comprises a continuous grass stratum usually 

with trees and/or shrubs exhibiting similar structural and functional characteristics 

(Cole 1986). 
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Savannas are important biologically and economically because of their vast aerial 

extent over the continents. Tropical savannas cover some 23 million square kilometers 

between the equatorial rain forests and the mid-latitude deserts and semi-deserts. This 

represents about 20% of the earth's land surface, 65% of Africa, 20-30% of Australia, 

45% of South America and about 10% oflndia and Southeast Asia (Cole 1986). 

Notwithstanding their vast extent, wildlife resources and the potential for agricultural 

production, the relationships between the tropical savanna vegetation and 

environmental conditions are less well understood than those of most other 

ecosystems (Huntley and Walker, 1982). In addition, Cole (1986) identified that the 

complex distribution pattern of the savannas as a whole and the distinctive types of 

vegetation within them have generated conflicting views on the relative importance of 

the factors influencing their distribution. Winter and Williams (1996) identified that 

the broad challenge was to understand the functioning of the savanna ecosystems so 

that management options, for any use and from any perspective, could be based on 

that understanding. Importantly, they added, the interactions of the savannas with 

other biological and social systems need to be understood to allow balanced decisions 

to be made and to avoid unforeseen negative outcomes. Moreover, to be able to 

provide a current scientific assessment of savanna land capabilities, adequate 

information including land cover information was needed to help determine the 

impacts of agricultural and non-agricultural or multiple land use upon the structure of 

vegetation, biodiversity, ground water recharge, soil dynamics, nutrient and energy 

flows, responses to climatic variability and community resilience. 
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Holmes ( 1996) also emphasized the continuing need for land classifications as a basis 

for capability and suitability appraisals for a diverse set of actual or potential uses, and 

with more attention to appraisal of sensitivity and resilience, in order to assess 

environmental outcomes. He felt the need for using computerized Geographic 

Information Systems (GIS), in expectation of integrated interactive analysis and 

modeling of the dynamics of environmental responses to natural or human-induced 

perturbations. 

1.3 Distribution of Savannas 

Tropical savannas are one of the roost widespread vegetation types, covering more 

than 50% of the tropical land mass, occurring on all four tropical continents, in more 

than 20 countries, between the rainforests and deserts (Clements 1996). The core 

savanna lands of the world occupy most sites in the seasonally wet tropics receiving 

500-1500 mm annual rainfall. They may also occupy drier sites in higher rainfall 

areas and heavier soils in lower rainfall areas (Tothill and Molt 1985). 

In Australia, savannas cover approximately one-fifth of the continent, stretching 

across the top of the country from the Indian Ocean to the Pacific (Tothill and Molt 

1985, Lindsay 1996). The tropical savannas encompass almost all the coastal and 

subcoastal lands of northern and eastern Australia, north of the Tropic of Capricorn, 

whereas areas with a similar physiognomy occurring south of the tropic are defined as 

Subtropical Savannas (Tothill and Mott 1985, Holmes 1996). In northern Australia, 

the savannas tend to be moist/dystrophic or arid/eutrophic, like many of the world's 

savannas, and the vegetation consists of a discontinuous woody overstorey, usually 
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varieties of Eucalyptus, but sometimes Acacia, and an understorey of annual and/or 

perennial grasses (Williams et al. 1996 ). There are strong rainfall gradients in 

northern Australia and a complex distribution of soil types, all of which influence 

savanna composition and structure. 

1.4 Importance of SavaniUIS 

In Australia, savannas provide the natural resources for economic enterprises that 

contributed AUD$ 7.5 billion annually to the national economy (Lindsay 1996). Much 

of this was in export income from the mining, tourism, and grazing industries. and 

accounted for more than one-fourth of Australia's export merchandise. In addition, he 

added, Aboriginal landowners and National Parks were assuming an increasingly 

important role in the use and management of savannas of the land. 

Cole (1986) pointed to the importance of the savanna vegetation as an environmental 

index. She stated that the vegetation of any area is the result of the spatial and 

temporal interplay of all the factors of the environment. Provided that the 

relationships between the vegetation distribution and the relative roles of these factors 

were understood, the nature and composition of the vegetation would provide a 

valuable index of the potential of the land for wildlife, agriculture and silviculture. It 

would also indicate terrain characteristics relevant for road and building constructions 

and for other engineering works, reveal the nature of superficial and bedrock geology 

and would probably disclose the presence of mineral ore bodies and identify areas, 

which were hazardous to human health. 
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1.5 Thesis Aims and Structure 

1.5.1 Thesis Aims 

The aoove discussion on the background issues indicates the need for mapping and 

monitoring the savanna country in northern Australia. Obviously, the first step is to 

develop a time and cost-·effective method, which can produce savanna distribution 

maps of the vast and remote region in a repeatable manner over time. However, the 

vast expanse of savannas consists of various land covers, land uses, soil types. and 

contrasting environmental conditions with sharp rainfall and temperature gradients 

that further complicates the issues of land cover mapping in this region. The 

distribution of the savannas and the low population density associated with its 

occurrence favour monitoring strategies to be based on satellite remote sensing. 

However, little has been done in this part of the world to evaluate the use of satellite 

image data for mapping savanna distribution and variations on a broader region with 

varied moisture regime. The challenge now remains to seek answers to the research 

questions posed in relation to mapping savanna land by using satellite imageries in 

this region. In view of this, the thesis explores the following questions: 

1. Is it possible to develop image-processing techniques to map the variation in 

savanna vegetation along a broad latitude and moisture gradient in north 

Australia? 

2. In addressing this question, the following questions will also need to be explored 

so that the most effective methods can be identified. These are: 
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(a) What sort of satellite data, i.e. coarse or fine resolution, gives the best result? 

(b) How does variation in environmental factors such as rainfall effect 

classification results? 

(c) What procedures based on remote sensing and GIS technologies can be 

developed to map savanna vegetation? 

To this end, the literature on land cover mapping is reviewed and approaches to land 

cover mapping based on several study sites in the savannas of the Northern Territory 

of Australia are presented. 

1.5.2 Thesis Structure 

The thesis focuses on mapping the savanna landscape by means of digital image 

processing and Geographic Information System (GIS) procedures. Chapter 2 of the 

· thesis reviews the existing literature in connection with various issues of land cover 

mapping by remotely sensed data and discusses some of the technical jargon relevant 

to the study. It also gives an account of some of the important studies carried out 

elsewhere in the world that seemed relevant to the present study. 

Various types of digital imageries are available for land cover mapping. Chapter 3 

provides description of the study area and a summary of the procedures undertaken in 

connection with image pre-processing of the imageries used in this study. 
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Chapter 4 examines the efficacy of various imageries of diverse spatial and spectral 

resolution in combination with various image analysis techniques in mapping the 

savanna landscape in the semi-arid savannas of the Kidman Springs region of 

northern Australia, and evaluates the accuracy and efficacy of various combinations 

of imageries. Chapter 4 also gives an account of the GIS techniques used in the study 

for enhancing the classification accuracy in the region. 

In order to determine if the image analysis procedures established in Chapter 4 for 

mapping the savanna landscape in the semi-arid region are still valid in other parts of 

the region, a similar approach to that of Chapter 4 is described for a more wet and 

geographically more complex region at the Mathison study area in northern Australia 

in Chapter 5. These analytical procedures along with the GIS techniques used for 

enhancing classification accuracy are described and evaluated. This study also shows 

the effects of changed environmental conditions on the classification process. 

Chapter 6 examines the issues in relation to mapping savanna landscape in the context 

of large regional setting. This Chapter discusses various issues relating to spectral 

signature extrapolation in the savanna landscape as well as the GIS procedures that 

can be used to reduce the effects of signature extension problem over large distances. 

Chapter 7 summarizes the whole thesis. 

Many tables and figures have resulted from the study. The figures and tables that 

show the best result and also the ones that have been discussed in the text are shown 

as part of the text. Whereas tables and figures that are mentioned but have not been 

discussed in detail in the text are given in the apendix. 
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It should be noted that Chapters 4, 5 and 6 have been submitted for publication in 

remote sensing journals such as Geocarto International and Asian-Pacific Remote 

Sensing and GIS Journal. As such, some repetitions, particularly in the introductory 

statements and in the methodology parts of these chapters are expected, which are, 

under the circumstances, absolutely indispensable and unavoidable. 
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CHAPTER2 

Land Cover Mapping: Issues, Approaches and Techniques. A Review 
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2.11And cover mapping- Rationale and Uses 

In the literature the tenn "land use" is defined as man's activities on the land that are 

directly related to the land (Clawson and Stewart, 1965), whereas the tenn "land 

cover" describes the vegetation and artificial constructions covering the land surface 

(Burley 1961). In a broader sense, land cover is described as the composition and 

characteristics of land surface elements that includes both vegetative and non

vegetative features (Campbell 1996, Cihlar 2000). In the following text, the tenn land 

cover will be used to describe natural vegetation and all other characteristics of the 

land surface, whether natural or artificial that contribute to the radiance responses to 

be detected by satellite remote sensors. 

The potential uses for land cover data are many and varied. These include assessing 

ecosystem status and health, modeling nutrient and pesticide runoff, understanding 

spatial patterns of biodiversity, land-use planning and developing land management 

policy, for parameterisation of global climate, fire danger assessment and the 

establishment of air quality standards (Vogelmann et al. 1998, Loveland et al. 1999a, 

Muchoney et al. 2000). There is also a growing demand for global data sets 

describing land cover, which are used by scientific communities for studying global 

change. Policy makers use it for assessing consequences of environmental treaties, 

and resource managers increasingly need to consider the global perspective (Belward 

et al. 1999). Thus, it is understandable why land cover mapping is considered the 

most important user requirement and the most frequently used applications for 

remotely sensed data (Ahmad 1986, Cihlar et al. 1998, Cihlar 2000). 
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Colwell ( 1960) noted that land cover mapping was a product of the development of 

remote sensing, initially through aerial photography. This was because repeated 

viewing of large areas was necessary for acquiring information about land cover 

(Cihlar 2000). The methodology for land cover mapping evolved from traditional 

field surveys and aerial photo interpretation (Heath and Parker 1973, Eller et al. 1973) 

through to manual interpretation of satellite colour composite images (Eller et al. 

1974, Hironaka et al. 1976, Howard 1976, Jaakola 1976, Morain et al. 1977, 

Philipson and Hafker 1981, Hafker and Philipson 1982, Crapper and Hynson 1983). 

Since the launch of the remote sensing satellite LANDSAT in 1972, satellite remote 

sensing has become an important tool for mapping, monitoring and environmental 

studies at local, regional, and global levels (Rasch 1994) and digital image 

classification methods began to emerge as land cover mapping tools (Cihlar et al. 

1998). This was because satellite imagery has certain advantages over other methods 

of land cover mapping. Those are (1)  synoptic coverage from orbiting satellites, (2) 

repeated coverage from the region of interest and (3) the affordability of the satellite 

imagery for large area mapping (Yang et al. 1999, Hansen et al. 2000). Yang and 

Prince (2000) concluded that traditional techniques of ground-based survey, mapping 

and analysis in conjunction with aerial photograph analysis could provide information 

on changes in vegetation structure and distribution over small areas, but were 

inadequate to characterize the spatial patterns of vegetation change over large areas. 

2.2 Evolution of lAnd Cover Mapping Techniques 

During the last three decades, remotely sensed data have been used extensively to 

monitor environmental change and to map land cover (Colby and Keating 1998). 
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Given the absence of satisfactory land cover maps at very broad scales, and the fact 

that traditional sources of land cover information have major limitations and contain 

many inconsistencies, remote sensing has been used to provide this information 

(Townshend et al. 1991 ). In order to improve discrimination between different cover 

types, various environmental properties such as climate, topography and soil types are 

incorporated in the image classification process (Walter 1985, Ehrlich and 

Roughgarden 1 987). 

Historically, vegetation classification has been based on inherent vegetation 

properties, that may rely either on physiognomic properties such as growth and life 

fonns, or on three-dimensional structure, seasonal periodicity, floristic properties etc. 

(Box 1981 ,  Whittaker 1970). On the other hand, remote sensing chiefly employs the 

reflectivity and emissivity of plants or of the ground surface that are measured from 

space, and is a departure from the traditional mapping techniques (Graetz 1990). As 

such, a map based on satellite imagery differs from traditional vegetation maps in that 

it measures a set of earth surface characteristics different from those used for 

traditional maps. These measurements are different from, and not likely to replace 

previous ground-based appraisals of structures, physiognomy, and species 

composition of the plant communities. Nevertheless, while ground-based surveys 

provide details of plant community structure, species composition, and distribution, 

aerial or satellite surveys offer comprehensive spatial and temporal coverage (Stone et 

al. 1994). 
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2.3 Remote Sensing and lAnd Cover Mapping 

Optical remote sensing has been successfully used for land cover classification on 

local to regional scales (Saatchi et aL 2000). Traditionally, high resolution (<100 

meter) data were used for methodological studies. exploring various information 

extraction techniques over limited areas (Cihlar 2000). In contrast, coarse resolution 

data (>1 km) such as NOAA's (National Oceanic and Atmospheric Administration) 

Advanced Very High Resolution Radiometer (AVHRR) data were used· for 

continental to global studies (Champeaux et al. 2000). The reason for this was that the 

use of high-resolution data over a large area would be costly and would involve 

handling very large data volume. 

Cihlar (2000) outlined the relationships between spatial resolution, temporal 

resolution and satellite data sources. He showed that image data could represent four 

domains, viz. A, representing coarse resolution data obtained at frequent time interval; 

8, representing high resolution data obtained at longer intervals; C, representing 

coarse resolution data obtained at long intervals; and D, representing high resolution 

data obtained at frequent intervals. He argued that data from region A could be used 

to prepare higher level data sets through pixel compositing procedures, thereby 

allowing global land cover maps to be produced at short intervals. On the other hand, 

region 8 data sets were suitable for land cover studies that could be conducted at finer 

resolution but at longer time interval. However, the region 8 data, with cloud cover 

and seasonal phenological effects, could be mosaicked together to provide a coverage 

over a large area. Region C covered both the domains of A and B. Region D required 

frequent coverage at high resolution. As this was not realistically possible over large 
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area, Cihlar (2000) argued, it should be feasible to synergistically combine data and 

products from parts A and B. That is, by combining a sample of infrequently obtained 

high-resolution data with full coarse resolution coverage, even though it would not 

deliver the pixel specific accuracy at the fine spatial resolution. 

In general, satellite-based mapping at continental and global scales has been done in 

Cihlar's domain A. Two currently available global 1 km resolution land cover maps 

produced from A VHRR data (Hansen and Reed 2000) represent domain A. 

Continental scale land cover maps from domain A have also been produced (Laporte 

et al. 1998, Tucker et al. 1985, Stone et al. 1994, Champeaux et al. 2000). Whereas 

studies over small areas, such as a Landsat scene or less were done in region B, and 

are common in the literature (Ahmad and Hill 1994, Matheson and Ringrose 1994, 

Ahmad et al. 1999, Yang and Prince 2000). Although this model of Cihlar (2000) 

generally holds good, an increasing number of land cover maps over large areas is 

also being done with high-resolution data. These include large area mapping through 

high-resolution Landsat TM scene compositing (Tucker et al. 1985, Homer et al. 

1997, Vogelmann et al. 1998) and also for large area vegetation mapping by 

compositing high-resolution radar data (De Grandi et al. 2000, Saatchi et al. 2000). 

At both large and small scales, vegetation mapping can be done by using NDVI 

(Normalized Difference Vegetation Index) values. Many continental scale maps have 

been produced by using NDVI values (Tucker et al. 1985, Justice et al. 1985, Goward 

et al. 1985). One problem of classification with NDVI is that for substantial portions 

of a year, different vegetation types may have similar NDVI values, but at other times 

they may display very different ones (Rasch 1994). As such, a set of multi-temporal 
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images is needed for satisfactory discrimination between most cover classes when 

using NDVI (Henderson-Sellers 1989). For the same reason, moist savanna 

woodlands could not be separated from rainforests in southern central Africa using 

NDVI (Rasch 1994). Very low-resolution AVHRR data have been used in calculating 

NDVIs and GVIs (Global Vegetation Index) in large-scale vegetation mapping 

(Kidwell 1990, Townshend and Justice 1986). 

Rasch (1994), however, argued that for projects incorporating land cover mapping 

over large areas or regions for the first time, visual (manual) interpretation was 

superior to digital classification. He sited the examples of the Philippine and the 

Malawian projects and showed that large countrywide land cover mapping was done 

by manual interpretation of SPOT imageries. Using existing topographic maps, the 

images were geocoded to the coordinate system of the country and then produced as 

colour transparencies on a scale of 1: 100,000 for visual interpretation. Extensive air 

and ground fieldwork was undertaken to calibrate image features with ground 

features. A classification legend was established from the knowledge acquired from 

fieldwork. Interpreters then performed the classification by visual interpretation on 

light-tables. Manuscripts were made on transparent plastic film overlaying the 

transparent satellite imagery. These were then reduced to 1 :250,000 scale, mosaic ked 

and transferred to a vector GIS where the layout of the map was created. 

Nevertheless, digital image classification is one of the fundamental analysis 

techniques for remotely sensed data, with land cover mapping arguably being the 

most frequent application (Cihlar et a/. 1998). Richards (1993) defined image 

classification as a pattern identification process that assigns to every object a category, 
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based on the data or observations. This pattern identification is called pattern 

classification or simply classification. This is done by means of a classifier (also 

called a decision rule), that refers to the algorithm that implements the procedure. 

Usually each pixel is treated as an individual unit composed of values in several 

spectral bands. By comparing pixels to one another and to those of known identity, it 

is possible to assemble groups of spectrally similar pixels into classes that match the 

informational categories of interest to users of remotely sensed data. In essence, the 

classification process simplifies reality into a set of few classes relevant to the 

application being considered and by having a spatial representation of these classes in 

a map (Campbell 1996, Martinez-Casasnovas 2000). 

2.4 Some Issues of Classification 

In this section, the issues of classification scheme and scale are discussed, as these are 

important factors in land cover studies. 

2.4.1 Classification Scheme 

Usually, classification is performed with a set of target classes in mind. This set of 

target classes is called a classification scheme, or a classification system (ERDAS, 

Inc., 1997). To successfully classify remotely sensed data into information classes 

such as land cover I land use classes, one needs to draw up a classification scheme 

that contains the correct definition of information classes, which are organised 

according to logical criteria (Gong and Howarth 1992). The issue of the classification 

scheme is very important because it tells the analyst about the objective of 
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classification, i.e. what is to be mapped (the classification legend) must be resolved 

before undertaking land cover mapping. This shapes the end result of the 

classification process. Schriever and Congalton (1995) pointed out that to be able to 

utilize the information generated by satellite imagery, a classification system must be 

determined prior to running the classification. This is because there is a difference 

between the "spectral classes", which are inherent in remote sensor data and the 

''information classes", which are man-defined classes. The analyst must relate these 

spectral classes to the desired information classes according to the classification 

scheme (Jensen 1986). 

Schriever and Congalton (1995) mentioned two approaches that can be used to 

describe a vegetated landscape in the classification. One is single-factor or 

"dominance type", whereby the classification method is based on a single measure, 

for example dominant vegetation. On the other hand, they explained the multi-factor 

classification, whereby several distinguishing characteristics such as soil type, type of 

landform etc. are also taken into consideration. That is, whether the "unit" of land 

cover classification will be described in tenns of "species", a "dominant species", or a 

combination of dominant vegetation, soil type, landform etc. must be determined 

beforehand. However, they warned against multi-factor classification that may result 

in the proliferation of categories, i.e., multi-factor use may give rise to hundreds of 

possible class combinations in the classified image. Congalton ( 1991) and Schriever 

and Congalton (1995), however, emphasized the need for the classification system to 

be subjectively simplified into categories that have only a few distinguishing 

characteristics. 
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Image classification is basically a pattern identification process in whlch a decision 

rule is applied to produce a category identification sequence that assigns to every 

object a category, based on the data or observations (Haralick and Shapiro 1993, 

Smits et al. 1999). Richards (1993) stated that in remote-sensing image analysis, the 

classification process used suitable algorithms to label image pixels as representing 

particular ground cover types or classes. Classification of remotely sensed data is also 

viewed as a process of information abstraction where reality is simplified into a set of 

few classes, which is done through the processes of classification, class 

generalisation, aggregation and association (Martinez-Casasnovas 2000). In thls 

context, two phases of image classification were recognised (Gong and Howarth 

1990), phase one of which was the design of a classification scheme and phase two 

was the actual image classification. The pre-defined classification scheme helps in the 

class generalisation and aggregation process. Taxonomically correct definitions of 

classes of information must be carefully defined and organised according to a logical 

criteria for all classes of interest to successfully classify remotely sensed data into 

land-cover or land-use information (Gong and Howarth 1992, Jensen 1994, Cihlar 

2000). Schriever and Congalton ( 1995) also expressed a similar opinion and noted 

that the scheme must outline the "units of classification" (or map units) in terms of 

land cover. As such, vegetation cover could either be described by a single measure 

such as the dominant vegetation or by several distinguishing characteristics such as 

soil type, type of landform etc. In other words, the "unit" of land cover classification 

must be determined and explicitly described beforehand. 

The analyst relates the spatial and spectral characteristics of the sensor system 

parameters to the types and proportions of materials found withln the pixel's 
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Instantaneous Field Of View (IFOV) according to the classification scheme. Thus 

satellite image data is organised into classes of information in accordance with this 

classification scheme. Designing a classification scheme is in itself a huge task. In the 

United States several classification schemes have been proposed that can readily 

incorporate land use I land cover data obtained by interpreting remotely sensed data. 

Jensen (1994) provided examples of some important schemes, which are (1) U.S. 

Geological Survey Land Use I Land Cover Classification System (Anderson et al. 

1976), (2) U.S. Fish and Wildlife Service Wetland Classification System (Cowardin et 

al. 1979), and (3) N.O.A.A. Coast Watch Land Cover Classification System (Dobson 

et al. 1995). The U. S. Geological Survey Land Use I Land Cover Classification 

System is widely used in mapping land cover types by digital multispectral 

classification (Jensen 1994). The classification scheme of Anderson et al. ( 1976) has 

nine Level-l broad categories, such as Urban or Built up Land, Agricultural land, 

Rangeland, Forest Land, Water, Wetland, Barren Land, Tundra and Perennial Snow 

or Ice. At Level-IT, each of these categories are subdivided into smaller classes, such 

as the Level-l Water class is subdivided into Level-II Streams, Lakes, Reservoirs and 

Bays and Estuary classes. At Level-III, these subclasses are further subdivided into 

finer details. This is being widely used by digital multispectral classification wherever 

studies can be related to this scheme (Jensen, 1994). 

Finally, it should be noted here, as Jensen (1994) pointed out, that there is a 

relationship between the level of detail in a classification that can be achieved and the 

spatial resolution of remote sensor systems used to provide the information. Welch 

(1982) showed that the requirement for spatial resolution of satemte imagery 

increases dramatically beyond the limits of the IFOVs of Landsat and SPOT 
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imageries when mapping of urban/suburban land use/land cover advances from Ievel-I 

to level-II classes. Botkin et al. ( 1984) showed that the relationship holds true for 

vegetation as well. This indicates that the level of detail in the desired classification 

system dictates the requirement of the spatial resolution of remotely sensed data. 

2.4.2 Scale 

Scale is an integral part of all studies dealing with spatial data. "Scale" is used to refer 

both to the magnitude of a study, e.g., its geographic extent, and also to the degree of 

detail, e.g. the level of geographic resolution (Goodchild and Quattrochi 1997). In 

remote sensing, spatial resolution of data is analogous to the scale of the observations 

(Woodcock and Strahler 1987). 

Lam and Quattrochi ( 1992) and Bian (1997) described some of the connotations of 

scale. First is the cartographic or map scale, a larger scale map provides more detailed 

information than a smaller scale map. Second is the geographic scale, which is the 

spatial extent of a study area, a larger study area has a larger scale. The third one is 

the resolution, also called "grain" by ecologists, which is the size of the smallest 

distinguishable part of a spatial data set. One good reason why scale of a study is so 

important, argued Bian ( 1997), is that the same data may carry different information 

when presented at different scales, and new properties emerge when data are 

aggregated spatially. In this context, Cao and Lam ( 1997) associated this problem 

with Modified Areal Unit Problem (MAUP). They argued that the MAUP is a 

fundamental geographic problem that exists in all studies using spatially aggregated 

data, and it has serious implications to essentially aU GIS and remote sensing studies 
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involving aerial units such as polygons or pixels. They quoted Quattrochi and Pelletier 

(1991) to note that for any particular study, the optimal spatial resolution of remotely 

sensed imagery varies with the objectives of analysis and the inherent characteristics 

of the scene in question. 

The relevance and meaningfulness of the concept of optimal spatial resolution in 

remote sensing have been highlighted in many studies (Woodcock and Strahler 1987, 

Woodcock et al. 1988, Jupp et al. 1988, Curran 1988, Harrison and Jupp 1990, 

Marceau et al. 1994, Benson and Mackenzie 1995, Atkinson 1997). The reasons for 

this are two fold: (1) the landscape parameters are dependent on and sensitive to grain 

size changes; landscapes are generated by processes occurring at different spatial and 

temporal scales (e.g. microtopography, edaphic variation, major landform etc.) and 

when scale of the analysis is changed, different structures may emerge (Benson and 

Mackenzie 1995). (2) The other reason is that in remote sensing studies, it is desirable 

to determine an appropriate spatial resolution so that the desired information can be 

acquired for least data (Atkinson and Curran 1997). 

Two methods have been advocated in the literature for determining the optimal spatial 

resolution for studies involving remotely sensed images. These are ( 1) using a semi

variogram (Curran 1988, Jupp et al. 1988) and (2) using an empirical method where 

the optimal resolution is determined by examining the accuracy of estimating some 

property at the ground with remotely sensed imagery of different spatial resolutions 

(Atkinson 1997, Atkinson and Curran 1997). 
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Variogram of an image, the expected squared grey-level difference between two 

pixels that are a given distance and direction apart, is a measure of spatial covariance 

in the image (Harrison and Jupp 1990). Curran (1988) used semi-variograms (i.e. 

variogram/2) in remote sensing analysis to compute spatial variance in an image and 

showed how to determine an appropriate scale (spatial resolution) for studying 

features in the image. In explaining how semi-variograms work, Woodcock and 

Strahler ( 1987) assumed scenes to be composed of discrete objects arranged either in 

a mosaic that completely covers the region or distributed on a continuous background. 

If the spatial resolution is much finer than the size of the objects of study in the scene, 

many adjacent pixels will be alike and the local variance will be small. As the spatial 

resolution coarsens towards the size of the objects, the local variance will increase to a 

maximum. When the spatial resolution is much coarser than the size of the objects, 

the local variance will again be small because the local variation will be engulfed 

within the area of the pixel. This "maximum" in local variance as a function of spatial 

resolution is an indirect guide to the size of objects in the scene and can be used to 

choose an appropriate scale of study for specific investigations. This is because, for 

mapping continuous variation by remote sensing, the spatial resolution of the image 

should be fine enough to capture the variation of interest in the property at the ground 

(Woodcock and Strahler 1987, Atkinson and Curran 1997). 

In the present study, however, a set of varied resolution imageries has been used in a 

number of image analysis procedures at four separate locations of the study region. 

The use of semi-variogram has not been considered for the following reasons: 
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( 1 )  One of the objectives of this project is to use varied resolution airborne and 

satellite images for classifying land cover types of the region that ranges in 

complexity from flat to rugged terraint in order to determine the best-suited 

imagery in terms of classification accuracy. This would also allow evaluation of 

the efficacy of varied-resolution and varied-sensor images in classifying various 

land cover types of the region in the context of a changing environment ranging 

from a lower rainfall to a higher rainfall regime. In other words, the study will 

focus not only on the efficacy of varied resolution imageries in the savanna 

landscape but also on the effect of changing landscape and environment on 

classification results. As such, isolating any imagery on the basis of its 

appropriateness of scale (spatial resolution) for studying certain features in the 

image became insignificant. 

(2) In the semi-variogram method, the choice of spatial resolution depends on the 

target property at the ground (Atkinson 1997). For determining the optimal spatial 

resolution for studying any target feature by semi-variograms, homogeneous areas 

of that feature within the image are used. If the field boundaries are crossed and 

new forms of spatial variance are encounteredt then the semi-variogram will not 

be representative of all the places in the image. In such case, image should be 

segmented into homogeneous areas and semi-variograms should be produced for 

each homogeneous section of the study region (Marceau et al. 1994, Atkinson 

1997). The situation becomes more complicated by the fact that the spatial 

variation is dependent on wavelength, i.e. the most appropriate spatial resolution 

for an image target in one waveband may be different to that for an image of 

different waveband (Atkinson 1997). For the present project, the study region 
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encompasses more than 15000-km2 area and much less is known about the 

homogeneity of distribution of the land cover types in the remote study regions. In 

such case, the splitting of the large study area into homogeneous sections seems 

absolutely unsuitable. 

The above discussion shows that the use of semi-variogram is not a suitable option for 

detennining appropriate spatial resolution for the study of the vast, heterogeneous and 

relatively less known region. As such, traditional image analysis involving all the 

input data sets has been used in the studies described in the following chapters in line 

with the objectives of this thesis. 

2.5 DigiJDl lmage CIIJssi.fication 

Digital image classification is a process of assigning all the pixels in an image to land 

cover classes or themes (Campbell 1996, Lillesend and Keifer 2000). Two types of 

digital image classification approaches are available and, in spite of recent 

developments, remained as the basic options, which differ in the assumptions made 

about the knowledge of the scene to be classified (Cihlar 2000). These are supervised 

and unsupervised classification approaches. The Decision Trees, Artificial Neural 

Networks, Fuzzy classifications, Mixture Modeling, Maximum Likelihood Bayesian, 

and Evidential Reasoning are all variants of supervised classification, whereas 

Classification by Progressive Generalization, Classification Through Enhancement 

and Post-Processing Adjustment fall under unsupervised classification category 

(Saatchi et al. 2000, Cihlar 2000, Muchoney et al. 2000, Cihlar et al. 1998). There is 

yet another type of image classification procedure, called the hybrid classification, as 
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opposed to supervised or unsupervised classifications. This technique involves aspects 

of both the supervised and unsupervised classifications and is aimed at enhancing the 

efficacy of the overall classification process (Lillesand and Keifer 2000). The 

following section provides the basic description of these classification techniques. 

2.5.1 Supervised classifications 

Supervised classifications provide a statistical description of land cover based on a 

class structure and training data input from the analyst. Supervised classification is the 

process of using samples of known identity (i.e. pixels already assigned to 

informational classes) to classify pixels of unknown identity. Here, samples of known 

identity refer to pixels that are defined in training areas (Jensen 1994, Campbell 1996, 

Lillesand and Keifer 2000). The analyst delineates the training areas on the image to 

be classified on the basis of prior knowledge of the study area. Theoretically, each 

training area must consist of at least (n + 1) pixels, where n is the number of spectral 

bands, but should normally contain > 1 On pixels because the estimates of the mean 

vectors and covariance matrices improve as the number of pixels in the training 

signatures increase (Richards 1986, Lillesand and Keifer 2000). The area should be 

homogeneous in tenns of brightness values, and each category should have a number 

of training areas so that the variations in the cover types present in the scene can be 

well represented by the training data (Lillesand and Keifer 1994, Arai 1992). In a 

supervised classification, pixels are classified into groups of classes by deriving 

information from the training pixels in a variety of different methods. The signatures 

must be selected from areas that are representative of the land cover classes of interest 

and are used to establish a pattern through which other similar areas are found and 
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classified. After the selection of signatures, a statistical method of feature selection 

may be used to quantitatively select the subset of bands (also called feature) that 

provides the greatest degree of statistical separability between the given set of classes 

(Jensen 1994, Schowengerdt 1997). This measure is used to determine which image 

bands provide the best combination for the available signatures to run a supervised 

classification. This is also a measure of separability that provides a statistical distance 

between the signatures. This separability can be calculated for any combination of 

image bands to be used in the classification process, enabling the user to rule out any 

bands that are not suitable (ERDAS, Inc. 1997). The spectral separability or the 

distance calculations can be based on either of the following methods: 

• Euclidean spectral distances between class means 

• Divergence 

• Transformed Divergence 

• Jeffries-Matusita distance 

Of these, the first one uses the Euclidean spectral distance between the class means 

(Thomas et al. 1987). The separability index between two classes is given by the 

Pythagorean distance between the class means and makes no allowance for the 

distribution, in multidimensional spectral space, of the data points that led to the class 

probability distribution. 

In contrast, Divergence is a measure of the separability of a pair of probability 

distributions that has its basis in their degree of overlap (Richards 1986). It identifies 

class pairs that have poor separability for a given set of data channels. This permits a 
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better set of data channels to be put together to impose class separability and hence 

raise classification accuracy (Thomas et al. 1987). This is computed using the mean 

and covariance matrices of the statistics of the training classes and provides the 

maximum separability between two training classes. But when there are more than 

two training classes involved, an average divergence value is used instead (Jensen 

1994). 

Transformed Divergence is believed to be superior to the Divergence as a means of 

class separability (Thomas et al. 1987). This is used as the distance measure for 

determining the best band combination for class separation (Swain and Davis 1978, 

Jensen 1994, Schowengerdt 1997, Lillesand and Keifer 2000). This statistic gives an 

exponentially decreasing weight to increasing distances between the classes. It scales 

the transformed divergence values to lie between 0 and 2000. A transformed 

divergence value of 2000 suggests excellent between-class separation for a given band 

combination. Above 1900 provides good separation, while below 1700 is poor. 

Transformed Divergence measure is used to indicate separation between the 

signatures in the present study. 

The Jeffries-Matusita Distance is calculated by applying a saturating transform to the 

Bhattacharyya distance measures (Jensen 1994 ). This is very similar to Transformed 

Divergence and is seen as a measure of the average distance between the two class 

density functions (Thomas et al. 1987, Richards 1986). For the Jeffries-Matusita 

distance, the lower limit is 0 and the upper limit is 1414, which provides the 

maximum separation (Jensen 1994, ERDAS, Inc. 1997). 
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2.5.2 Unsupervised classification 

Unsupervised classification attempts to detennine the land cover classes that exist in 

an image. In this, no prior knowledge of the study area is assumed. In this approach 

the image data are first classified by aggregating them into the natural and pure 

spectral groupings, or clusters, present in the scene under the constraints of 

classification process specified by the analyst. These constraints are typically pre

defined parameters that characterise the statistical properties of these clusters and the 

relationships among adjacent clusters. The classification starts with a set of arbitrarily 

selected pixels as cluster centers. The classification algorithm then finds distances 

between pixels and forms initial estimates of cluster centres as pennitted by 

constraints specified by the analyst. At this point, classes consist only of arbitrarily 

selected pixels chosen as initial estimates of class centroid. At the next step, the 

algorithm finds new centroids for each class, as the addition of new pixels to the 

classification indicates that the initial centroids are no longer accurate. Then the entire 

scene is classified again, with each pixel assigned to the nearest centroid. Again new 

centroids are calculated, if the new centroids differ from those found in the preceding 

step, the process repeats until there is no significant change detected in locations of 

class centroids (Harrison and Jupp 1990, Lillesand and Kiefer 1994, Jensen 1994, 

Campbell 1996, Cihlar et al. 1998, Cihlar 2000, Martinez-Casasnovas 2000). 

Subsequently, the analyst determines the land cover identity of these spectral groups 

by comparing the classified image data to ground reference data and finally, assigns 

land cover labels to these clusters on the basis of ground information obtained from 

the ground locations of these clusters. One simple way of doing this, as exemplified 

by Jensen (1986), was to scatterplot the mean data vectors for each of these spectral 
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classes using two image bands (i.e. bands 2 against 3 or bands 3 against 4 of TM 

image). In this way it is possible to identify their locations and spatial association with 

the other clusters and make the amalgamation process easier. However, LiUesand and 

Keifer (2000) and Richards (1986) suggested the use of Canonical Variate Analysis 

(Hope 1968) along with Minimum Spanning Trees (MST) to analyse spectral clusters, 

their separability and their subsequent aggregation. 

The canonical variate analysis (CV A), also called canonical component analysis or 

multiple discriminant analysis, uses classification statistics to define a rotation of the 

n-dimensional image data space, which maximally separates the mean of the class 

values (Lillesand and Keifer 2000). CV A, like principle component analysis, attempts 

to define linear combinations of selected image attributes that maximize the 

differences between a set of classes relative to the variation within them (Richards 

1986, CSIRO & MP A Australia 1992). This transformation is determined by 

maximizing the between-class variance relative to the within-class variance. It 

provides a measure of how similar or dissimilar two classes are. Very similar classes 

are hard to map separately and will lead to impure or mixture classes if mapped 

separately. Separation of classes indicates Jack of intermixing and therefore depends 

both on the distance (Mahalanobis distance; Hope 1968) between the class means and 

the within class variance of the clusters. If two class seeds are similar in spectral 

values and the within class covariance is large, they are poorly separated. This 

measure between classes is used to provide a number of output products to help assess 

which classes are well or poorly separated in spectral values. One is a set of links 

joining classes, which are close to each other. It is called the Minimum Spanning Tree 

(Gower and Ross 1969) and is best used to highlight the structure of classes when the 
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links are joined on a plot in which each class is represented by the coordinates of a 

pair of channels. Like the first two principle components, the first two canonical 

variates generally provide better separation between classes than any pair of original 

image channels, and so form a convenient basis for plotting the MST. The MST 

provides insight into the relationships between the classes rather than rules for class 

aggregation (CSIRO & :MP A Australia 1992). Canonical components not only 

improve classification efficiency but also improve classification accuracy due to 

increased separation of classes (Lillesand and Keifer 2000). 

In most land images the coefficients for CV1 (Canonical variate 1) are positive. The 

CV 1 represents a weighted average of the selected image attributes, that is, their 

brightness. CV2 (Canonical variate 2) usually has positive values for the near-infrared 

channels and negative for visible channels, or vice versa, in imagery containing 

vegetated areas. This difference acts in the same way as a greenness index with 

variation in the CV2 value indicating increasing or decreasing vegetation greenness. 

The direction depends on which attributes are positive in the CV transformation 

matrix, if the CV2 coefficients are positive for near-infrared channels and negative for 

visible channels, increasing values in CV2 will indicate increasing greenness, and vice 

versa (CSIRO & :MPA Australia 1992, Harrison and Jupp 1993). 

The supervised methods are more subjective since the analyst may forcibly impose 

discrimination between classes without a clear spectral meaning. This process may 

also be restrictive because all the land cover classes present may not be known a 

priori to the analyst and can be overlooked or missed during signature collection 

process. Over and above, the problem is compounded by the signature extension 
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problem resulting from spatial trends in spectral signatures. In contrast, the major 

problems of unsupervised classification are the effects of controlJed parameters, i.e. 

the number of clusters, allowable dispersion around a cluster mean. This is because 

changes in the number of clusters and allowable dispersion around the mean of each 

cluster can produce different final classes (Cihlar 2000, Cihlar et al. 1998, Martinez

Casasnovas 2000). 

2.5.3 Hybrid classification 

Hybrid classification, on the other hand, shares the characteristic of both the 

supervised and unsupervised methods of classification. Data from supervised training 

areas are sometimes used to augment the results of an unsupervised classification 

(Campbell 1996, Lillesand and Kiefer 1994). Various forms of hybrid classification 

have been developed. For example, some have combined both the supervised and 

unsupervised methods training area selection from the scene and combined them in a 

hybrid classification (Lillesand and Kiefer 2000). In general, the unsupervised 

training areas are delineated from unknown cover types at various locations 

throughout the scene to represent the unknown land cover information classes that are 

present in the image area. On the other hand, supervised training areas are delineated 

in regions of known and homogeneous cover types. These are then subjected to 

statistical analysis for normality and spectral separability. After determining the 

identity of the unknown training areas that could stand the test of statistical analysis, 

they are combined with the signatures from the known areas and are used for 

classifying the entire scene by a minimum distance to mean or maximum likelihood 

classification algorithm (Lillesand and Kiefer 2000). Another type performs 
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unsupervised training on the data and evaluates the identity of the training areas by 

means of aerial photographs and ancillary data. Then the labeled training data is used 

to run a supervised classification of the area (Schowengerdt 1997). 

There are several classification algorithms (also called classifier or decision rule), the 

features of which will be reviewed briefly: 

Gaussian Maximum Likelihood classifier is a very commonly used classifier to run a 

supervised classification. It quantitatively evaluates both the variance and covariance 

of the category spectral response patterns when classifying an unknown pixel. In 

doing so, an assumption is made that the distribution of the cloud of points forming 

the category training data is Gaussian. By using the training data, the mean vector and 

the covariance matrix can describe the distribution of a category response pattern. 

With these parameters, the statistical probability can be calculated of a given pixel 

value being a member of a particular land cover class. For every spectral category one 

probability density function is calculated, which shows the probability of a pixel value 

being a member of one of the classes. The probability density functions are used to 

classify an unidentified pixel by computing the probability of a pixel value belonging 

to each category. That is, the probability of each pixel value is computed for occurring 

in all the classes and the pixel is assigned to the class for which the probability is the 

maximum. An extension of this approach is the Bayesian classifier. This technique 

applies two weighting factors to the probability estimate. First, a priori probability is 

determined. Second, a weight associated with the cost of misclassification is applied 

to each class. Together, these factors act to minimize the cost of misclassification 

(Richards 1986, Mather 1999, Lillesand and Kiefer 2000). 
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Minimum Distance to Mean classifier is computationally simple and commonly used. 

When used properly it can result in classification accuracy comparable to other more 

computationally intensive algorithms, such as the maximum likelihood algorithm 

(Jensen 1994, Lillesand and Keifer 2000). It uses the central values (mean values) of 

the spectral data that fonn the training data as a means of assigning pixels to 

infonnational categories. As unassigned pixels are considered for assignment to one 

of the several classes, the multidimensional distance to each cluster centroid (mean) is 

calculated and the pixel is then assigned to the closest cluster. Thus, the classification 

proceeds by always using the minimum distance from a given pixel to a cluster 

centroid defined by the training data as the spectral manifestation of an informational 

class (Niblack 1986, Campbell 1996). The major difference between the minimum 

distance and maximum likelihood classifiers lies in that the maximum likelihood 

classifier uses infonnation in the covariance matrix. Whereas minimum distance 

classifier labels a pixel as belonging to a particular class on the basis only of its 

distance from the relevant mean, irrespective of its direction from that mean (Richards 

1986). The classifier creates the initial seed values for classes, then iterates through 

allocation passes where class seeds are modified by migration, and new classes added, 

until a stable set of classes results. Class creation occurs sequentially through the 

image so that when the allowed number of classes have been completed, any 

subsequent pixels that cannot be allocated to a class remain unclassified. In minimum 

distance classifier, supervised and unsupervised classifications differ in that the mean 

migration does not take place in the supervised mode because that would 

automatically modify class mean values from the known occurrences of the interpreter 

class. Here, improvement of classification result can be achieved by incorporating a 

greater number of known training sets (Harrison and Jupp 1993). 
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The ISODATA classifier (Duda and Hart 1973, Bow 1992) can be considered a 

variation on the minimum distance method (Campbell 1996). It uses the minimum 

spectral distance formula to form clusters. It begins with either arbitrary cluster means 

(unsupervised mode) or means of an existing signature set (supervised mode), and 

each time the clustering repeats, the means of these clusters are shifted. The new 

cluster means are used for the next iteration. The ISODATA utility repeats the 

clustering of the image until either a maximum number of iterations has been 

perfonned, or a maximum percentage of unchanged pixels (Convergence Threshold) 

has been reached between two iterations (ERDAS, Inc. 1997). 

2.5.4 Spectral Signature Extrapolation 

Spectral signature extrapolation is a rather loosely used term to imply classification of 

a region by using spectral signatures or a classification method (Muller et al. 1999) 

that were developed at another region. In a broad sense, all large area classifications 

that use spectral signatures or classification masks as input data are examples of 

spectral signature extrapolation. Ahmad and Hill ( 1994) used classification statistics 

developed at York Island, Torres Strait, between the island of Papua New Guinea and 

mainland Australia to map other reef zones in the region by a classification mask 

transfer (spectral signature extrapolation). Another example is the use of a similar data 

type, classification scheme and the classification method that were used in a well

studied area in northern Alaska to map the unexplored areas of the regions (Muller et 

al. 1999). Basically, however, it is using the same spectral signatures or a similar 

classification methodology developed at a well-studied area for mapping other areas 

where ancillary data are scarce. An advantage of classification by spectral signature 
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extrapolation is that large areas can be classified at once, thereby allowing consistency 

of land cover characterization over the region (Hansen et al. 2000). 

2.6 Cltusification Accuracy Assessment 

Accuracy defines correctness and measures the agreement between a standard 

assumed to be correct and a classified image of unknown quality. In other words, 

accuracy describes the closeness of a measurement to the true value of the quantity 

being measured. If the image classification corresponds closely with the standard, it is 

said to be accurate (Campbell l996, Smits et al. 1999). 

Meyer and Werth (1990) stated that there must be a method for classification accuracy 

assessment if land-cover maps derived from remote sensing were to be useful. 

Congalton (1991) maintained that the most conunon way to represent the 

classification accuracy of remotely sensed data was in the form of error matrix. He 

defined error matrix as a square array of numbers set out in rows and columns which 

expressed the numbers of sample units (i.e. pixels, clusters of pixels or polygons) 

assigned to a particular category relative to the actual category as verified on the 

ground. The columns of the matrix usually represent the reference data (field data) 

while the rows indicate the classification generated from remotely sensed data (Story 

1986, Jensen 1994). 

The error matrix can be used to evaluate the accuracy of a classification in a number 

of descriptive and statistical ways. Information in the error matrix may be evaluated 

using ( 1)  simple descriptive statistics and/or (2) discrete multivariate analytical 
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statistical techniques (Jensen 1994 ). Descriptive techniques describe overall accuracy, 

producer's accuracy and user's accuracy, whereas discrete multivariate analytical 

statistical technique includes KAPPA analysis (Congalton 1991, Jensen 1994 ). 

Jensen ( 1994) described overall accuracy as the result of division of the total correct 

number (sum of the major diagonal of the matrix) by the total number of pixels in the 

error matrix. In terms of accuracy of individual categories, however, he used 

producer's accuracy and user's accuracy. Producer's accuracy, which is a measure of 

the error of omission, is the result of division of the total number of correct pixels in a 

category by the total number of pixels of that category as derived from the reference 

data (i.e., the column total). Whereas user's accuracy, which is a measure of the error 

of commission, is derived by dividing the total number of correct pixels in a category 

by the total number of pixels that were actually classified in that category (Jensen 

1994). Congalton (1991) translated the meaning of these terms in a descriptive way. 

He stated that the producer's accuracy tells us how much of a particular category has 

been correctly identified as that category. On the other hand, user's accuracy tells us 

how much of the area which has been mapped as a particular category actually 

belongs to that category. For example, if a category has a producer's accuracy of 90% 

and user's accuracy of 70%, the interpretation will be that 90% of that category have 

been correctly identified as that category, whereas only 70% of the area that has been 

mapped as that particular category belong to that category. Congalton ( 1991)  

elaborated that the producer of the map can claim that 90% of the time an area that 

was a particular category was identified as such, according to producer's accuracy. 

Whereas, a user of the map will find that only 70% of the time will an area he visits 

that the map says is that category will actually be that category. 
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In this context, it may be noted that even a completely random assignment of pixels to 

classes would produce percentage correct values in the error matrix. It has been 

argued that such a random assignment could result in a surprisingly good apparent 

classification accuracy result (Campbell 1996, Lillesand and Keifer 2000). In order to 

deal with this problem, KAPPA accuracy (Khat) is used, which is a measure of the 

difference between the actual agreement between reference data and an automated 

classifier and the chance agreement between the reference data and a random 

classifier. It gives a measure that indicates if the confusion matrix is significantly 

different from a random result (Smits et al. 1999). This statistic is an indicator of the 

extent to which the percentage correct values of an error matrix are due to true 

agreement versus chance agreement. A value of ''0" indicates no agreement and a 

value of "1" shows perfect agreement (Mather 1999). As true agreement approaches 1 

and chance agreement approaches 0, Khat approaches 1 .  A value of 0.75 can be 

thought of as an indication that an observed classification is 75% better than one 

resulting from chance (Cohen 1960, Congalton and Mead 1983, Jensen 1994, Mather 

1999, Lillesand and Keifer 2000). A KAPPA value of ''0.75" or greater indicates 

excellent classifier performance, while a value of ''0.4" or less indicates poor 

performance (Montserud and Leamans 1992). Cohen ( 1960) suggested that values 

near zero indicated that the contribution of chance was equal to the effect of the 

classification, and that the classification process yielded no better results than would a 

chance assignment of pixels to classes. Thus, it appears that while the overall 

accuracy describes the relative effectiveness of the classification process in general, 

Khat measure indicates the overall effectiveness of the classification process over 

chance agreements of pixels. 
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Overall accuracy and KAPPA analysis are also comparable in that both of these tend 

to provide a measure of the classification accuracy on the basis of the whole matrix. 

However, the overall accuracy only incorporates infonnation from the major diagonal 

of the matrix (i.e. only the correctly classified pixels) and excludes omission and 

commission errors. Conversely, Khat computation incorporates the off-diagonal 

elements (Jensen 1994). The result of KAPPA analysis is Khat statistic (Congalton 

1991) and is given by the following formula, 

r r r 
Khat = [ N L xii - L (xi+ XX+ i )1 + [ N * N - L (xi +XX + i )1 

i=l i=l i=l 

Where r is the number of rows in the matrix, xii is the number of observations in row i 
and column i, xi+ and x+i are the marginal totals of row i and column i, respectively, 

and N is the total number of observations. 

Campbell ( 1996) opines that the overall accuracy is often used alone without the error 

matrix. Reported values vary widely. According to Anderson et al. ( 1976) an overall 

accuracy of 85 % is required for satisfactory land use data for resource management. 

Fitzpatrick-Lins ( 1978) reports that USGS land cover maps of the central Atlantic 

coastal region have about 85% overall accuracy for 1 :  24000 scale maps, 77% 

accuracy for 1 : 100,000 scale maps, and 73% for 1 :250,000 scale maps, while Tom et 

al. (1978) achieved 38% overall accuracy for automated interpretations of land use in 

the Denver metropolitan area. 
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2. 7 Examples of Land Cover Mapping 

2. 7.1 Continental and sub-continental scale mapping 

Large global scale land cover products at 1-km. 8-krn and !-degree resolution have 

been produced from satellite imageries (Hansen and Reed 2000, Hansen et al. 2000, 

DeFries and Townshend 1994, DeFries and Belward 2000). Continental-scale land 

cover maps have been made from satellite image data for South America (Stone et al. 

1994), central Africa (Laporte et al. 1998, Tucker et al. 1985), U. S. Federal Region 

ill, which includes the states of Pennsylvania, Virginia, Maryland, Delware and West 

Virginia (Vogelmann et al. 1998), for the state of Utah (Homer et al. 1997, Ramsey et 

al. 1993, Florida (Kautz et al. 1993) and the land cover map of Tundra (Joria and 

Jorgenson 1996). The Swedish Space Corporation and its subsidiary SSC Satellitbild 

have conducted large scale land cover mapping projects in Malaysia, Indonesia, 

Thailand, Namibia and in the Philippines and Malawi using satellite imagery (Rasch 

1994). 

The evaluation of large-scale land cover mapping efforts would not be completed 

without the mention of International Geosphere-Biosphere Program, Data and 

Information Systems (IGBP-DIS) Global Land Cover Classification Project (Belward 

et al. 1999, Loveland et al. 1999b). Global data were collected by A VHRR on 

NOAA's polar orbiting satellites. 1-krn resolution A VHRR image data, totaling 4.4 

Terabytes, were archived employing 23 receiving stations worldwide involving the 

United States Geological Survey (USGS), the European Space Agency, National 

Oceanic and Atmospheric Administration, the National Aeronautic and Space 
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Administration, and the Australian Commonwealth Scientific and Industrial Research 

Organisation. A total of 126,230 satellite scenes have been assembled into coherent 

global archives (Eidenshink and Faundeen 1994 ). 

A classification scheme was conceived. It was based on definitions of three canopy 

components: above ground biomass, leaf longevity, and leaf life, and included 17 

broad land cover types. The requirements placed on the classification scheme were 

that every part of the Earth's surface be assigned to a class, and that each class must 

be exclusive. A multitemporal, multisource classification strategy was used to 

produce a multidimensional database that can be modified as needed to meet the 

specific needs of individual applications. The key element of "global land cover 

characteristics database concept" is a multiple-attribute, multilayer database rather 

than a traditional single map of land cover based on a predefined legend. The 

DISCover land cover product is one of several such products resulting from the 

implementation of this strategy. The global land cover characteristics database was 

developed on a continent-by-continent basis using 1992- 1993 1-Km Normalised 

Difference Vegetation Index composites derived from A VHRR imagery. 

The land cover classification process was based on the unsupervised classification of 

monthly A VHRR NDVI composites followed by extensive post classification 

refinement using other environmental data. The following steps were involved: ( 1) 

Data Preparation: 36 ten-day composites were recomposited into 12 continental 

monthly NDVI data sets. (2) Preliminary Greenness Class Clustering: Using these 

images preliminary greenness classes were produced by unsupervised classification. 

A team of interpreters developed draft land cover descriptions for each preliminary 
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greenness class. A wide range of references was u� including digital and hard copy 

land cover maps, atlases, and Landsat imagery. These descriptions provided a general 

indication of the land cover types corresponding to each preliminary greenness class. 

(3) Seasonal land cover region development: These regions represent a unique mosaic 

of land cover types and seasonal properties. Preliminary greenness classes were split 

into homogeneous land cover groups by using ancillary data such as digital elevation, 

user defmed polygons (onscreen digitizing), or spectral reclustering. (4) Derived Land 

Cover Product Generation: The final step was the assembly of the continental 

databases and the generations of derived land cover product. A set of attributes 

describing land cover, average monthly NDVI, seasonality, biogeographic zones and 

elevation was generated for the continental seasonal land cover regions. The 

continental data layers were joined to form global land cover data sets. 

Brown et al. (1993) produced a land cover characteristics database for the 

conterminous United States. A set of 1-km A VHRR data from NOAA 1 1  were 

calibrated to reflectance scaled to byte range and georeferenced. Eight 28-day 

composite images, acquired from March to October 1990, based on maximum NDVI 

decision rules were used as inputs. Water, bare soil, clouds, snow and ice were 

masked out. An unsupervised clustering algorithm and Minimum Distance to Mean 

classification were used to define 70 clusters. Confusion occurred in almost all the 

classes. Ancillary data were used in two ways in the study, ( 1 )  for iterative labeling 

and describing clusters and classes and (2) for post-classification refinement of 

spectral-temporal claSses by spatial subdivision and merging. These included 

ecoregion data, which were used to discriminate between spectral classes in situations 

where a single spectral-temporal cluster represented several different land cover types 
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that were spatially separate. Elevation data were used to discriminate between land 

cover types where disparate land cover types were in close proximity to each other. 

Tucker et al. ( 1985) produced for the first time, a continental scale land cover map of 

Africa using satellite imageries from A VHRR sensors of NOAA satellites. 4-Km 

resolution GAC (Global Area Coverage) images were preferred over 1 -Km resolution 

LAC (Local Area Coverage) data because GAC were available with a much lower 

spatial and a higher temporal (daily) resolution. Weekly C l  and C2 values were taken 

from April l982 to November 1983. C2/C1 and (C2-Cl )/(C2+C l )  ratios were fonned 

and the highest values over a 3-week period were selected. They observed that almost 

identical results were found from the two sets of ratios. Seasonal changes in green

leaf biomass was reflected in a spectral vegetation index for almost all vegetated areas 

of Africa including tropical rain forests, tropical seasonal forests, and savanna areas. 

Deserts and semi-deserts were observed to be temporally invariant. The integrated 

spectral index produced a zonation of Africa in which deserts and semi-deserts. dry 

savanna land, dry grasslands, forests and wet savannas were differentiated from each 

other. In addition, a supervised classification based on training sites selected from a 

few known vegetated areas and from established maps was run on the first and second 

Principal Components of the imageries. 

Muchoney et al. (2000) developed a classification system from a plot-based land 

surface parameter database for Central America. The analysis employed multi

temporal NOAA-A VHRR satellite data, and site data obtained through feature 

extraction at 428 sites based on Landsat TM. SPOT, A VHRR and existing vegetation 

and land cover data. These data were used to apply supervised classification based on 
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Artificial Neural Networks, Decision Trees and Maximum Likelihood algorithms. The 

result was the production of a new classification system of vegetation and land cover 

for Central America and maps of vegetation and land cover and a site parameter 

database for the region. This site parameter database, called the Systems for 

Terrestrial Ecosystem Parameterisation (STEP), is a multivariable site database 

framework for describing site vegetation, environment and other biophysical 

parameters. and was developed to meet the requirements for multivariable site model 

and database for training, testing and validation. 

Walker ( 1 999) produced a 1 :4 million-scale vegetation map of northern Alaska by 

following a six-step integrated approach. Two preliminary maps were reproduced at 

1:4 million scale to conform with the image data and terrain features at this scale. 

Source maps were simplified and boundaries were adjusted to the A VHRR image. 

Then all the geological and terrain information relevant to vegetation was integrated 

to produce a landscape-unit map and the land units were defined. Then vegetation 

information such as NDVI, classified image map etc. was added to the boundaries of 

the landscape-unit map. Finally lookup tables were created relating to vegetation 

complex and other vegetation information. The final vegetation map was derived by 

integrating all these information in a GIS. 

Laporte et al. ( 1995) mapped the dense humid forests of Cameroon and Zaire using 

A VHRR imageries. They took advantage of the finding that out of the five spectral 

channels of the A VHRR scanning radiometer, channel 3 (3.55-3.95 micrometer) can 

separate forest from savanna during dry season, and the near-infrared channel 2 

(0.725-1 . 1  micrometer) can separate degraded forest and rain forest (Malingreau et al. 
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1989). Thirty dry season 1 . 1 -Km local area coverage (LAC) A VHRR images were 

obtained for the period from December 1989 to August 1990. They were 

geometrically corrected. Maximum value composite channel 3 images were produced 

using 8 dry season images for Cameroon ( 1989-1990) and 10 images of the ( 1988-

1989) dry season for Zaire. Four main vegetation types were visually identified on 

LAC colour composite images, ( 1) dense humid forest/rain forest, (2)-degraded rain 

forest, (3) mixed forest and savanna, and (4) savanna. A thresholding was perfonned 

to separate the vegetation types. LAC data were classified interactively on an image 

processing system using channel 3 composite images and channel 2 images. The first 

threshold allowed differentiation of the savanna class from forested and mixed forest 

savanna vegetation using the maximum value composite channel 3 images. Other 

thresholds were applied on channel 3 composite images to map the mixed 

forest/savanna and degraded forest classes located in the savanna domain. Then 

channel 2 single-date images were used independently to map the dense humid forest 

from the degraded forest. Classified MSS imagery from selected known areas, 

published vegetation maps, and FAO forest extent estimates for 1980s and 1990s were 

all used for validation of these NOAA-A VHRR derived maps. 

Laporte et al. ( 1998) used NOAA A VHRR imageries and ancillary information to 

produce a land cover map, largely of dense humid forest, degraded forest and various 

savanna classes in central Africa. Classification of vegetation was done using two 

different techniques. The dense forest of the region was classified separately from the 

savannas using discrete data sets by employing near-infrared and midd&e-infrared 

bands of a set of single date Local Area Coverage (LAC) images from the 1990s, 

which covered most of the humid forest belt. Savannas, on the other hand, were 
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mapped from the analysis of Global Area Coverage (GAC). Classifications were 

perfonned using a temporal series of monthly Nonnalized Differenc.e Vegetation 

Index (NDVI) data for the period 1982-87 to characterise seasonality and length of the 

growing season. An unsupervised classification was perfonned using the first two 

components of a standardised principal component analysis, done with the seven 

years of data in order to minimise inter-annual variation. Classes generated were then 

grouped according to their spectral-temporal characteristics and their coincidence with 

the available ancillary information and field observations. Validation of the land cover 

classification with Landsat MSS imagery and field observations showed that 

classification errors were mainly due to coarse spatial resolution of the GAC data 

relative to spatial heterogeneity in the vegetation. 

Stone et al. ( 1994) used two sets of image data to produce a land cover map of South 

America. They were (1)  NOAA A VHRR GVI (Global Vegetation Index), 15- to 25-

km resolution data and (2) NOAA AVHRR Local Area Coverage 1 . 1 -km resolution 

(at nadir) data with red, near-infrared, mid-infrared and thermal-infrared bands. 

Classification of GVI data was based on seasonal changes in the vegetation index or 

phenology observed in the data. 75 classes were created with a clustering algorithm, 

consisted of pixels with similar vegetation phenology and GVI values. Final classes 

were labeled using an existing UNESCO vegetation map as a guide. The yearly 

phenology information extracted from these data provided a further basis for 

interpreting the 1-km data. In the second phase, a series of classifications were run on 

each of the 1500 km by 1500 km image regions, taking first the most cloud- and 

smoke-free images closest to nadir, and second, the most recent image, followed by 

older images from each area. Of all these classifications only the best were retained. 
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Finally land cover classes were defined using mean NDVI of the spectral classes, 

relationship between the dates of the NDVI values and the year-long phenology curve 

as defined from the GVI data, information from other map, atlas and ancillary 

information and from any recognisable pattern in the image data. 

Shasby and Carneggie ( 1986) used Landsat MSS and digital terrain data in their 

project to map land cover types in Alaska. After fixing bad scan lines, destriping and 

mosaicking adjacent images, the image and ancillary data sets were registered to maps 

and resampled. Then areas to be classified were identified, environmentally similar 

areas were identified and training statistics were developed. Field data were collected 

from homogeneous areas detected from aerial photos and classification was run on the 

image. Once the preliminary spectral classification results were obtained, they were 

incorporated into the digital database. They used post-classification procedures to 

enhance the classification result. Notably, ( 1 )  physiographic masks were created by 

manually delineating the study area into discrete physiographic units. These masks 

differentiated land cover classes that appeared spectrally similar but occurred in 

different physiographic units. (2) Digital terrain data were also used to create new 

strata masks. On the basis of these, different land cover classes that appeared 

spectrally similar but occurred in different terrain environments were differentiated. 

They also used (3) winter Landsat scenes for the purpose. The mask derived from the 

winter Landsat scenes were used successfully to separate Conifer forest classes from 

wetland classes. On the winter Landsat scenes, Conifer forests appeared relatively 

dark, whereas wetland classes were generally uniformly snow covered and appeared 

very bright. A strata mask derived from the winter scenes improved the separation of 
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Conifer forests and wetland classes improving the accuracy of classification 

significantly. 

Kautz et al. ( 1993) has produced satellite image based vegetation maps of Florida. 

They classified Landsat TM data separately for each of the eleven Regional Planning 

Councils (RPC) using a total of seventeen TM scenes. All TM scenes were 

georeferenced and mosaicked together. Then the raster matrix covering each region 

was divided into sub-scenes of approximately 1024 lines by 1024 elements to 

minimise heterogeneity within spectral classes. Then vegetation index and brightness 

index ratio bands were generated for each sub-scene. Suitable combinations of these 

ratio-bands were assembled into multi-channel data sets. An unsupervised signature

training algorithm was run on each subset to generate training statistics. Like-classes 

were merged. If the covariance of a class fell below a threshold, the statistics were 

deleted and regenerated under modified homogeneity conditions in the subscene area. 

The uncorrelated signature set was used to generate classified image of each subscene. 

Classified images were edited to improve accuracy by comparing with aerial 

photographs. After correcting for inaccuracies, subscenes were mosaicked together. 

The mismatches at the boundaries were edge-matched by editing. No accuracy 

assessment, however, was done on the final product. 

Homer et al. ( 1997) have mapped the state of Utah (USA) with a slightly different 

approach. Twenty-four TM images, dating between 1988 and 1 989, were used to 

make an image mosaic to cover the study area. All the images were georeferenced to 

1 :24000 scale USGS quadrangles or orthophotoquads with 50 control points for each 

of the images. A bilinear interpolation algorithm was used to resample the images to 
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30-meter pixel size. For atmospheric standardisation, one image representing the 

variety of environments in Utah was chosen as a "master" image. This image, after 

correcting for atmospheric haze, was to standardise adjacent imageries by histogram 

bias method (histogram shape is maintained but relative position is altered). Selected 

areas of overlap between the master and the slave image were compared band by band 

and the average difference was calculated for each band to use as the bias value to 

adjust radiometrically the slave to the master image. Once a slave image was 

radiometrically matched to the master, it became the master for the next adjacent 

image. 

For digital image classification, the whole study area was divided into three 

ecoregions, to reduce spectral variation between different zones. Each ecoregion was 

subset from the state mosaic image and processed using ERDAS ISODATA algorithm 

to generate unsupervised spectral clusters. Before classification, agricultural and 

urban areas were masked out to further reduce spectral variability. Each clustering 

was evaluated by examining the average standard deviation (ASD) for each signature, 

divided by the number of bands, which portrayed the variability of the signature. 

Number of clusters were gradually incremented during subsequent runs until the 

target ASD, described as a point of diminishing returns, defined by relatively smaller 

and smaller decreases in ASD, was reached. The ASD values sought to optimize 

cover type correlation to spectral clusters without creating redundant clusters. The 

ASD threshold values were evaluated empirically based on cover type characteristics 

of each region, such as low spectral variability accounted for a low ASD threshold 

value while high spectral variability necessitated the allowance of a high ASD 

threshold value. Post classification ancillary GIS modeling was done to further refine 
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spectral classes representing multiple cover types usmg ecological parameters of 

elevation, slope, aspect and location. 

Land cover mapping has been done by Vogelmann et al. (1998) to cover U.S. Federal 

Region ill, which includes the states of Pennsylvania, Virginia, Maryland, Delware 

and West Virginia. The primary data source used included a total of 45 Landsat TM 

data acquired in 1991, 1 992, and 1993. These were de-striped and terrain corrected 

using 3-arc-second digital terrain elevation data set (DTED) and ground control 

points. Clouds and water were masked out. For mosaicking, a master scene was 

selected, and regions of spatial overlaps with adjacent scenes were used to normalise 

digital data. From these zones of overlap, histograms of digital values from the slave 

scenes were adjusted to match the histogram brightness values of the master image on 

a band by band basis. Mosaic ked scenes were clustered into 100 spectrally distinct 

classes. Clusters were interpreted, amalgamated and labeled into 1 5  land cover classes 

by using aerial photographs. Finally decision-making rules and models were 

developed using ancillary data layers to resolve confusion in spectral classes that 

represented two or more targeted land cover categories. Separation of spectral classes 

into more meaningful land cover units was accomplished using ancillary data that 

were rasterised into same pixel size as the images and using the same projection as the 

data set. For a given class, which was spectrally overlapped with other classes, digital 

values of the various ancillary data layers were compared to determine which data 

layers were the most effective for splitting different spectral classes into appropriate 

land cover units, and to derive the appropriate thresholds for splitting the classes. 

Models were then developed using one to several data sets to split each confused class 

into the desired land cover categories. The ancillary data layers used for splitting the 
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classes were elevation, slope, aspect, shaded relief, population density, city lights, 

land-use and land unit data (LUDA) and two TM derived vegetation indices (TM 

bands 5/4). 

Large-scale land cover mapping has also been done to cover the state of Utah in the 

USA. In Utah, Ramsey et al. (1992, 1993) made a mosaic of 14 overlapping TM 

scenes after rectification and atmospheric-effect correction. To facilitate use, they 

segmented the image mosaic into smaller 0.5 X 1 .00-degree tiles, matching to 

standard 1 : 100,000 scale USGS maps. In order to generate statistics over the entire 

state simultaneously, each 0.5 X 1 .0-degree tile was subset to a l/25th sample (every 

fifth pixel in the X and Y direction). This reduced the data set size considerably. Then 

the tiles were stitched together into a statewide image mosaic. The ERDAS

ISODATA clustering program was applied to this mosaic. A total of 1 10 spectral 

clusters was generated. The results were stored in a statistics file and were later 

applied to each separate tile using a Minimum Distance to Mean algorithm at the full 

pixel resolution of the TM data set. This technique provided cluster statistics over the 

entire state simultaneously without joining all the tiles at full resolution. By using one 

set of statistics the resulting classification of individual tiles provided a uniform data 

set throughout. This procedure classified the entire state without forming "spectral 

seams" between tiles. Models of Boolean logic using ancillary data set such as 

elevation, aerial photographs, and existing vegetation maps were used to bring down 

the spectral ambiguity between classes. An overall classification accuracy of about 

76% was achieved. 
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Their study highlighted some important issues that must be addressed in large-area 

land cover characterisation founded on analysis of satellite image data. They showed 

that large-area mapping required the use of multisource data, which included digital 

images obtained through satellite remote sensing and data from anciUary sources such 

as elevation, soils, land system (ecoregion), meteorological and climatic data sets. 

Many investigators (Campbell 1978, Townshend and Justice 1981, Miller and Shasby 

1982, Pettinger 1982, Estes et al. 1983, Walter 1985, Gibula and Nyquist 1987, 

Ehrlich and Roughgarden 1987, Franklin 1989, Trotter 1991) also recognised and 

emphasised the need of ancillary data in improving image interpretation. Slope, 

aspect, agricultural, upland and lowland environmental strata, aeromagnetic and 

geological data have also been used as ancillary data, either for labeling the land cover 

classes or in a decision rule in a GIS environment to segregated confused classes 

derived from image classification. 

2.7.2 Regional scale mapping 

Franca and Setzer (1998) have studied 1320 km2 areas of savanna land in the Emas 

National Park in Brazil using 1 . 1 -k.m nadir-resolution AVHRR imagery. Bands-! (0.6 

to 3.9 micrometer), band-2 (0.7 to 1 . 1  micrometer) and band-3 (3.5 to 3.9 micrometer) 

were used. Five sub areas of study were selected in the Emas National Park in Brazil 

The satellite images from these areas were geometrically corrected. The NDVls were 

calculated from band- 1 and -2. The average DN values were recorded separately from 

each band and from each of the five sites. It has been shown that band-3 digital 

numbers (DN) responded more markedly to the seasonality or water stress of 

savannas than other bands. The NDVI response, on the other hand, in individual 
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images followed the temporal changes of vegetation, with decreasing values in the dry 

season and increasing values in the rainy season. 

Yang and Prince (2000) used historical Landsat MSS archive to map the broad land 

cover types of the region and monitor changes in savanna vegetation between 1972 

and 1989 in the South Luangun National Park in Zambia. Existing vegetation maps 

and aerial photographs (1  :30000) were used to assist in selecting classification 

training and validation plots. Eighteen sites were used as training and another 1 8  sites 

were used for validation purpose. The training signatures collected were used in a 

Maximum Likelihood classification algorithm to map five broad land cover types of 

the region. The classification of the imageries produced between 95% and 100% 

overall accuracy. 

Guerra et al. ( 1998) studied forest-savanna vegetation dynamics using multi-data 

Landsat TM imagery in Venezuela. First, they identified six major vegetation types of 

the region from aerial photographs and colour composites of satellite data, which 

included dense rain forest, fern vegetation, and savanna. Following image 

preprocessing the digital numbers (DN) of imageries were transformed to apparent 

reflectance in order to convert radiometric values to unit of physical measurement. 

Then, a Modified Soil Adjusted Vegetation Index (MSA VI) image was produced. It 

has been shown that MSA VI distinguished most of the vegetation types from one 

another on a broad scale, including savannas. 

Ringrose et al. ( 1989) made an assessment of the so-called darkening effect in 

imageries from savanna woodland environments relative to soil reflectance in Landsat 
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and SPOT wavebands. Reflectance was measured by a radiometer from bare dry soils, 

shadows, dead branches, green broad leaves and green savanna grass. Relative Soil 

Brightness (RSB) was also calculated. Results showed that combined soil plus 

vegetation reflectance was dependent on the reflectance of the soil background in the 

case of moderately dark to light soils. Low density of vegetation cover lowered the 

combined reflectance entirely in red wavebands. Reflectance in near-infrared was also 

lowered in savannas when the Leaf Area Index of the vegetation was < 2.5, causing a 

darkening effect in the image in the draught-affected areas of Botswana. They 

concluded that in that semi-arid environment, soil bearing high calcium contents 

produces relatively high reflectance, whereas darkening effect results from low 

vegetation densities. The proportion of NIR scatter was reduced below soil reflectance 

in case of vegetation with a low cover of Acacia species. They also found green leaf 

material to be one of the significant darkening variables and as such, green leaf 

content in the environment could be detennined by using darkening effect in the red 

band. However, red absorption decreases linearly as green vegetation cover increases 

in density. 

In west central Sahel, Ringrose and Matheson ( 1992) used Landsat MSS dry season 

imagery to determine the aerial extent of savanna trees and shrub cover change. 

However, they used visual mapping techniques based on their findings that higher 

proportions of total live vegetation cover would cause a darkening effect on the 

images from the light red sandy soils and reddish yellow silty soils. The results were 

verified by some field work and were produced in 1 :250,000 scale maps. 
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In their effort to understand the relationship of spectral responses between savanna 

tree and shrub woodlands Ringrose and Matheson ( 1991 a) used Landsat MSS imagery 

in the southeast Botswana Kalahari. They incorporated field data including 

measurement of vegetation cover data, soil erosion and soil deposition records. The 

study area was also stratified into areas of relatively homogeneous landscape radiance 

using MSS-7 data. Then radiance values were plotted in MSS-5 and MSS-7 data 

space and the soil line was drawn. The plot showed trends in cover changes in the 

study area. It also showed the relationship between vegetation cover and radiance 

values in the data space. They concluded that typical vegetation covers, which were 

spectrally distinguishable in MSS imagery, were relatively dense multistory 

vegetation, and less dense single storey vegetation with bush encroachment. 

Ringrose and Matheson ( 199lb) analysed the range conditions in the savanna land of 

the Botswana Kalahari by using MSS imagery, aerial photographs and field data. 

They identified three spectral-vegetation types by comparing 327 field and digitised 

aerial photograph sites with spectral data from MSS-4, -5, and -7 in relation to hues 

on Landsat colour composite prints. They identified Type-1, which was a darkened 

area comprising of green trees and shrub vegetation. Type-2 areas were combined 

darkened areas with areas of high near-infrared reflectance. Type-3 areas showed high 

near-infrared and low red reflectance. It was also shown that the shadow components 

of the drought affected thin-leaf covered vegetation gave rise to the darkening effects 

on the imagery. Their study also showed that vegetation indices were not effective 

enough to detect vegetation change in areas where vegetation cover was less than 30 

percent. 
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Regional land cover mapping was also done in Khao Yai National Park in Thailand 

(Trisurat et al. 2000) using TM imageries. Different combinations of bands and 

classification techniques were tested. The study showed that the combination of TM 

bands 2, 3 and 4 produced the lowest classification accuracy (56%) in both supervised 

and unsupervised classification procedures. On the other hand, band ratios such as 

4/3, 5/2, 5/4 and 517 produced the highest accuracy (65% for unsupervised and 79% 

for supervised classifications). 

Baban and Luke (2000) used data from a postal questionnaire as training data in a 

supervised classification of TM imageries in farmlands of Warwickshire in the UK. 

The training sites used were based on a previous unsupervised classification of the 

area, where the postal data were later integrated as training data for the supervised 

classification of the region. An overall classification accuracy of 87% was achieved in 

the process. 

2. 7.3 Regional studies in Australia 

Foran and Pearce (1990) used NOAA A VHRR image data from Alice Springs in 

northern Australia and calculated NDVI to indicate six land-cover categories 

including green vegetation. They digitised the boundaries of pastoral properties 

covering 600,000 km2 in central Australia and related those to the calculated values of 
. 

NDVI and the land cover categories in a GIS. They showed that the AVHRR image 

data, the NDVIs and the calculated "Vegetation Growth Index" worked well in 

predicting green vegetation growth and could be correlated with the total rainfall for 

the season. 
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Dudgeon et al. (1990) used NOAA A VHRR image data to calculate the NDVI for the 

whole of Queensland, Australia. They found a positive relationship between the 

NDVI values and the green vegetation cover of the region, although no clear 

relationship between NDVI and dead plants or bare ground could be established. 

Williamson et al. ( 1990) also used the relationship between reflectance in channels 1 

and 2 of NOAA A VHRR image, the NDVI values and biomass in the semi-arid 

grassland of central New South Wales for predicting biomass. 

Woodgate and Black (1990) studied the forest cover change over a period of 1 18 yeas 

( 1 869-1987) using 18 Landsat MSS images in a mosaic covering Victoria, Australia. 

Present day land boundaries and the first vegetation map of Victoria produced by 

Everett ( 1 869) were used in the study. Landsat MSS colour transparencies were used 

to delineate the modem day forest boundaries in the region. These were later used in a 

GIS to estimate the forest cover change in the State with respect to the forest 

boundaries of the past, which were interpreted from the Everett's (1 869) map. 

Kay et al. (1990) used 75 TM images to map 170,000 km2 area of the Kimberley 

region of West Australia. Images were classified and the results were validated by 

comparing with the ground survey data and aerial photographs that provided between 

85% and 95% overall accuracy. The West Australia Department of Conservation and 

Land Management compiled each of these 75 images in a book-form. 

Kitchin and Barson ( 1998) reported the project for the accurate assessment of the rates 

of land cover change across the Australian continent over a period of five years, 1990 
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to 1995. The project was aimed at producing three digital data sets with a nominal 

scale of 1 : 100,000. Those were ( 1 )  Land cover change ( 1990-1995). documenting 

change in woody vegetation from TM imageries, (2) structural vegetation ( 1990). 

showing vegetation type, density and height for woody vegetation. and (3) The land 

cover themes ( 1990) data set to provide a template for the development of a digital 

data set to show land use and land management practices in all the regions. Three 

million km2 area covering all the States and Territories of Australia were covered by 

the project. The study was coordinated by the Bureau of Rural Science at a cost of six 

million dollars. The data sets used were TM imageries, aerial photographs. existing 

vegetation maps, other relevant digital data sets and land terrain maps. 

2.7.4 Local scale mapping in Northern Territory of Australia 

There has been some land cover mapping in this region by satellite imagery. 

Matheson (1994) conducted a study in three different regions along the north-south 

trending environmental gradient of northern Australia. Three MSS imageries, one 

from a sub-tropical area, one from a semi-arid and another from an arid zone were 

used. Field data were used to identify a series of physiographic sub-regions to divide 

the study areas into zones where different plants were associated with specific soil 

types. Spectral curves were drawn to be able to assess the relative spectral separability 

of plant communities in all the three regions. She observed the least spectral 

separability per physiographic sub-region in the sub-tropical region and increasing 

plant community separation in the semi-arid region. 
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Ringrose et al. ( 1994 ), on the other han� used ground radiometer readings to 

establish basic spectra] data for the quantification of green vegetation cover in 

Northern Territory and argued against the indiscriminate use of vegetation indices on 

different ecoregions. Dry season radiometer data on different woody species, dead and 

live herbaceous cover, plant litter and soil were obtained on the equivalent of 

MultispectraJ Scanner (MSS) wavebands. Relationships between ratios and linear 

band combinations including vegetation indices, and cover type percentages were 

examined by regression analysis to determine what the band combinations were 

predicting aJong the gradient. Their results showed that completely different band 

combinations were necessary to predict green vegetation cover in subtropical areas as 

opposed to semi-arid and arid areas. They concluded that there was a need for 

different band combinations to predict green vegetation cover through the climatic 

zones. 

Matheson and Ringrose ( 1994) have tried to develop an image processing technique 

to assess changes in green vegetation cover along the climatic gradient through the 

Northern Territory of Australia. Spectral plots on field sites showed the subtropicaJ 

region as being typified by high NIR reflectance, the semi-arid curves represented 

extensive darkening while the arid region curves represented less darkening due to 

high soil reflectance. Results of analysis of the variance of regressions using different 

combinations of single bands, band transfonns and principaJ component data resulted 

in MSS band 5 providing the most useful predictive data in the subtropicaJ and semi

arid areas for green vegetation. Normalized aJbedo on MSS 5 proved most useful in 

arid areas. On the basis of the results of the anaJyses of the variance of regressions, 

they ranked all single bands and band transfonns in tenns of their usefulness in 
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predicting green vegetation. Only those showing high significance levels in relation to 

green vegetation cover were used as input data for classification. They found that 

classification maps resulting from different MSS band combinations and their 

transforms produced by a maximum likelihood classifier provided high levels of 

accuracy in all three regions. 

Hosking ( 1999) used 20 Landsat TM images for land cover change studies in the 

Northern Territory. Structural vegetation information was obtained from Arc/Info 

coverage provided by the National Forestry Inventory, data from field sites 

throughout the Northern Territory, and from 1 :20000 scale aerial photographs. Each 

set of temporal scenes for 1990 and 1995 were radiometrically corrected. A 

subtraction image was created and thresholded to show change in land cover. Using 

the 1990 and 1995 scenes as references, the thresholded change image was manually 

scanned to locate areas of change. These vector polygons were then labeled with a 

logical change type denoting the presumed cause of the change. Field checks were 

done to refine the change areas. In a separate exercise, 1990 scenes were used to mask 

out known areas such as urban areas, water, and bare areas. This was then classified in 

unsupervised mode. After classification, the masked areas were overlaid on the 

classified image. Metadata and the change data were attached to the image using 

Arcinfo program package. 

Williams et al. (1995) have shown AIRSAR image data could be used successfully 

for discriminating certain ground covers. In the semi-arid savannas, they have 

demonstrated that AIRSAR P-band backscatter was a reasonable linear predictor of 

tree basal area, and that C-band backscatter provided a moderate degree of 
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predictability of grass covers. Menges et al. ( 1999. 2001 )  showed that in land cover 

classification, elimination of backscatter dependence on incidence angie of AJRSAR 

data allowed the qualitative discrimination of land cover types in the savannas of 

northern Australia. 

Lucas et al. (1999) used stereo colour aerial photographs (dated 1991) from West 

Alligator River and polarimetric AIRSAR data (dated 1996) in C. L, and P bands for 

assessing the structure of Mangroves in the Kakadu National Park. NT. First the 

colour aerial photographs were used to generate a digital elevation model of the 

mangrove canopy. With the help of airborne video and field observations. the DEM 

offered studies of spatial changes in the internal structure of the ecosystem. The 

classified AIRSAR data helped infer the three dimensional structure of the canopies. 

O'Neill et al. (1993) have studied fire patterns in tropical eucalyptus woodland 

savannas in the east Kimberley of northern Australia by integrating TM imagery and 

other spatial data in a GIS. Landsat TM data were used for mapping and categorising 

land cover and fire bum types. 

Russell-Smith et al. (1997) used Landsat MSS imagery data to assemble a IS-year fire 

history from 1980 through to 1994 in the Kakadu National Park, covering a 20000 

km2 world heritage property in northern Australia. Four MSS scenes were required to 

cover whole of the Kakadu National Park. False colour composite prints from bands 

4, 5 and 7 were produced. A total of 260 Landsat scenes from the study region 

representing each of the 15 years was studied and the firescare boundaries were 

manually interpreted, digitised and mapped in a GIS. In doing so. the areas that were 

62 



burnt more than once in a given year were also identified. A helicopter was used in 

ground truthing, where GPS readings for locations of the firescar boundaries were 

recorded. Finally a fire burning history of the region was interpreted. The total 

percentages of the burnt areas along with the estimation of the extent of burning in 

twelve main habitat types of the region were made. The results showed that about 

46% of the entire Park area were burnt each year and that burning mostly occurred in 

open forest and woodland communities, particularly in lowlands. 

2.8 Integration of Ancillmy and Remouly Sensed Data in a GIS 

Geographic Information Systems (GIS) provide an essential technology for 

considering the interaction between spatially distributed resources and provide the 

means whereby information from different themes can be merged to produce an 

appropriate product in response to a particular user-specified inquiry (Trotter 1991). 

For land cover mapping, the use of ancillary data in conjunction with satellite imagery 

in a structured manner has been shown to effectively characterise land cover 

(Loveland et al. 1991 ). These efforts require the use of multi-source data, which 

include digital imageries obtained through satellite remote sensing and ancillary data 

(Brown et al. 1993). Swain and Davis (1978) defined ancillary data as any secondary 

data pertaining to the area of interest, such as topographic, demographic or 

climatological data. In remote sensing, ancillary data refers to any data not obtained 

by the sensor (Golden and Lackey 1992). The vast majority of research using 

ancillary data for improving digital image classification has dealt with applications of 

digital terrain data in classification refinement (Brown et al. 1993). 
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Hutchinson ( 1982) made one of the pioneering contributions to enhancing image 

classification results. He described three different procedural approaches for using 

ancillary data in improving image classification results. They were ( 1) stratification, 

(2) classification modification and (3) post-classification sorting. In stratification, the 

image is segmented into smaller fragments (or strata) on the basis of homogeneity and 

processed separately to avoid intermixing of different groups of classes. Stratification 

allows dealing with smaller data sets and reduces the variation in strata. Despite the 

simplicity of the tool, it is not sensitive to subtle differences and the lines between the 

strata are abrupt. Classification modification follows what is described as "logical 

channel" approach (Strahler er al. 1978) where ancillary data is added as extra 

channels to image bands. Sometimes topographic data are used to modify prior 

probability in the maximum likelihood classification rule for improving accuracy of 

problem classes. If the distributions of cover types across the topography are known, 

the probability of occurrence can be used to weight the classifier. Because these are 

based on statistical parameters, many samples must be used to characterize the 

relationships between spectral data and ancillary data, thereby rendering a higher cost 

to the study. The last approach has been described as post-classification sorting. In 

this, individual pixels of a problem class are assigned to the appropriate class using 

ancillary data after classification is performed. Using any ancillary data that may 

provide contrasting attributes to the confused classes can bring about segregation 

between ambiguous classes. Grid-based GIS is usually used for the purpose. It is 

simple, quick and easily implemented. It is efficient because it deals only with the 

problem classes, can accommodate several types of ancillary data in developing 

decision rules. 
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Shashby and Carneggie (1986) used a similar approach to post-classification sorting 

for improving classification results of Landsat MSS data. They used digital elevation 

data (DEM) to create strata masks, which were used to differentiate land-cover classes 

that were spectrally similar but occurred at different terrain environments. They 

differentiated land cover classes that were spectrally similar but occurred at different 

physiographic units by creating masks, which were created by manually delineating 

the study area into discrete units. Water and shadow were differentiated by this 

method. Winter and summer scenes were used to create a different mask where 

conifer forest and wetland classes were separated. In winter scene conifer forest 

appeared relatively dark, whereas wetland classes were bright because of snow cover. 

A strata mask derived from the winter scene was used to segregate the classes. 

Janssen et al. (1990) used topographic and satellite image data in a GIS to improve 

land-cover classification accuracy in the Netherlands. Field data were used to draw 

object boundaries on a 1 :  10,000 topographic map and was digitised into a GIS 

database. This digital map was used to serve as input for an object classification. An 

object, here, has been defined as an area within which only one land cover type is 

expected. The results of per pixel classification of the satellite imagery were used per 

object to determine the land cover type of that object in a GIS. 

Golden and Lackey (1992) followed a similar technique of post-classification 

modeling to increase classification accuracy of the distribution of conifer species from 

TM image data. They developed aspect/elevation matrix for each major tree species 

based on field and ancillary data, which delineated ranges where certain species were 

and were not expected. The classified image data were compared within the GIS, 
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pixel by pixel with the aspect and elevation data and the allowable range for a species. 

In this way the species outside an allowable range were discarded from inappropriate 

classes. 

Brown et al. (1993) used multi-source, coarse resolution satellite data (AVHRR) data 

and ancillary data as elevation, climatic and ecoregion data to produce a land cover 

characteristics database for the conterminous United States. A set of 28-day maximum 

NDVI composite images covering the conterminous Unites States were clustered by 

unsupervised classification into 70 spectral-temporal classes. Initial labeling was done 

with the help of ancillary data by using overlays in a GIS. Problem classes were 

identified and a decision as to what type of ancillary data might be useful in 

separating them was made. Mostly using ecoregion and elevation data, post

classification stratification was done. These were used to separate single spectral

temporal clusters representing several different )and cover types that were spatially 

separate. The continuous nature of the elevation data allowed interactive adjustment 

of the separation criteria. 

Wade et al. ( 1 994) also incorporated GIS and remotely sensed A VHRR imageries to 

assess crop conditions for flood and drought in the conterminous USA. Twelve 

biweekly A VHRR composite imageries showing maximum NDVI values covering the 

study area were produced for each of the years 1992 and 1993. Subtraction of the 

earlier year's NDVI image data from those of the later years produced difference 

images. This difference measured the comparative crop vegetation vigour between the 

periods. These images helped policy makers locate and evaluate the aerial extent of 

excessive water and flooding on crops in Iowa, Minnesota and other Midwest states. 
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The output of the analysis was then put on a GIS with ancillary data such as elevation. 

climate, ecoregion, major land �source areas along with land use and land cover data 

and analysed to develop a land characteristic database. which consisted of 167 

categories. 

Peddle and Duguay ( 1995) used climatic data such as precipitation, temperature, 

wind, soil, moisture and snow accumulation to derive certain climatic indices such as 

slope-aspect index, snow probability index, etc. This data set was used together with 

remote sensing and DEM variables in a series of land cover classification experiments 

to classify alpine tundra vegetation. 

White et al. (1995) used a DEM and soil moisture content incorporated with the 

classified TM image data in a GIS to map forest vegetation at species levels in Lassen 

Volcanic National Park, California. Three elevation classes were produced from the 

DEM data in a GIS, such as valley, midslope and ridge. Soil moisture data was used 

in conjunction with the elevation and the classified TM image data to delineate 

vegetation cover through a post-classification stratification model. 

Tin-Seong ( 1995) made an integrated analysis of SPOT XS and GIS data in preparing 

land cover and land use maps in Brunei Darussalam. First, the satellite image was 

georeferenced and processed by Principal Component Analysis and image filtering. 

Using a GIS database containing previously determined land cover and land use 

information from aerial photographs and topographic maps, the satellite image was 

segmented into "built-up" and "non built-up" areas. These two areas were then 

classified separately using maximum likelihood classifier with assignments of high 
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probabilities in appropriate areas of study. Classification accuracy was determined by 

comparing a sample of classified pixels with ground information derived from aerial 

photographs and field data. An overall accuracy of 79% was achieved. 

Geographic Information System data and remotely sensed imagery have also been 

integrated in improving classification accuracy in the urban areas (Harris and Ventura 

1995). The study integrated zoning data and housing densities with a TM 

classification using post-classification sorting for the city of Beaver Dam, Wisconsin. 

The ambiguous classes were modified using a GIS model that consisted of a series of 

conditional statements for combining the data sets in a way that was considered 

appropriate to improve the accuracy of the land use classification results. 

Ortiz et al. ( 1997) developed a classification methodology using remotely sensed 

imageries collected from several dates over several years, coupled with a tabular 

database integrated in a GIS, to classify and map agricultural fields in Brazil. The GIS 

consisted of data on soil, drainage, roads, urban area and historical record of a field 

plantation, recorded in a Database Management System (DBMS). Nine-sets of TM 

image data were classified by maximum likelihood classification algorithm using the 

historical database information in a GIS and nine agricultural classes including crops 

and bare soil were mapped. 

Riaza et al. (1998) conducted a study with classified TM image data in a GIS to 

evaluate vegetation change in Equatorial Africa. TM data were classified in 

supervised mode using a maximum likelihood classification algorithm to produce a 

classified image map of the study area. A Guinea forest map published in 1951 was 
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then loaded into a GIS and integrated with the classified imagery. The forest map was 

subtracted from the 1990 classified image areas, resulting in a complex map 

registering all possible changes described through a table. This facilitated the mapping 

of the temporal evolution of the coverage of different vegetation communities, and 

maps summarising the evolution of vegetation cover over 40 years were produced. 

Yang et al. (1999) used TM imagery along with GIS to map the geomorphology of 

the Yellow River Delta in China. Instead of image classification, however, they used 

several techniques such as contrast stretching, histogram equalization, spatial filtering 

and additive colour composites of stretched bands. Different band combinations were 

also used for highlighting different landforms of the study areas. Identified landforms 

were digitised into a GIS database where the polygons were linked to available 

attribute data tables. Field checking with the help of a GPS helped finalisation of the 

landform boundaries and cartographic presentation of the map. Complex terrain 

parameters such as relief, soil, lithology, sediments, land cover and land use data were 

used as ancillary information in the GIS database to assist in finalising the map 

products. 
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2.9 Conclusion 

In the foregoing discussion, the literature in connection with land cover mapping by 

remote sensing and GIS methods in various parts of the world has been reviewed. It 

covered issues and examples of land cover mapping at global scales through 

continental and regional to local north Australian scenario. The discussion 

encompassed various image classification techniques, from supervised and 

unsupervised to hybrid methodologies and accuracy assessment. It also included the 

use of satellite and airborne imageries of various spatial and spectral resolutions in 

land cover classification in various parts of the world and treated image analysis with 

and without ancillary data in the framework of a Geographic Information System. 

In the field of spatial technology, basically it is about trying to understand and 

improve a digital image, which is a large array of digits (Niblack 1986). In the process 

of transformation of these numbers into usable information, Jensen ( 1986) noted, the 

mathematical basis of remote sensing techniques is important, but what is more 

important is how these techniques may be applied to real world problems. 

Unfortunately, there is no unique data set or no unique methodology for solving land 

cover related problems. Rather, as the literature reveals, each problem should be dealt 

with separately by combining the data set and methodology that best suit the problem. 

The choice of such a methodology, however, depends largely on the nature of the 

input data and the desired output (Friedman 1980). In this context, Cihlar (2000) 

pointed out some important considerations that influence the characteristics of the 

land cove information extracted from remotely sensed data. These are, purpose of the 

study, thematic information needed, scale of the study, characteristics of input data 
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sets and the processing algorithms to be used. This indicates that there is no state of 

the art data set or methodology that can be used to solve all the mapping problems of 

the world. Rather, the type of the input data sets, classification algorithms and the 

methodology of study are to be decided by the purpose, scale and the thematic 

information sought after in any particular study. However, the general rule of thumb, 

as the literature study shows, is that coarse resolution image data (i.e. Landsat MSS, 

NOAA A VHRR) are used in large regional scale studies (>104 km2) in contrast to 

finer resolution image data (i.e. Landsat TM, SPOT) that are used for local studies ( < 

103 krn2). It also reveals that large and relatively unknown regions that support a 

heterogeneous distribution of soil and vegetation cover favour unsupervised 

classification methods over supervised methods. The discussion also revealed that the 

incorporation of ancillary data into the analysis process within the framework of a 

GIS for improving overall classification results has become an integral part of spatial 

studies. These points should be kept in mind in the studies of land cover mapping in 

the region. 
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CHAPTER 3 

Image Pre-Processing and Study Area 
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This chapter describes image pre-processing techniques that were applied to the 

imageries used in digital image processing and analysis procedures as reported in 

chapters four, five and six. Although these chapters have their separate methodology 

sections, this chapter describes some of the common issues that stride across all the 

data sets, such as image mosaicking. This also outlines image pre-processing 

involving AIRSAR image and MNF transformation that are not addressed in the 

following chapters. 

3.1 Study Ana 

The study area of this project encompasses the northern part of the Victoria River 

District of the Northern Territory of Australia. These areas broadly represent savanna 

landscapes that support a variety of savannas with a distinctly heterogeneous 

vegetation distribution, a range of soil types and landforms. It also supports a rainfall 

regime with a sharp gradient from north to south. This type of landscape is expected 

to show a wide variance in spectral response from the cover types between different 

areas of the region and one is expected to encounter problems of spectral signature 

extension and post-classification edge matching. The study areas encompass the 

Kidman Springs region (Chapter 4), the Mathison area (Chapter 5) and the broad 

study area that includes both the Kidman Springs and Mathison regions (Chapter 6). 

The detailed description of these study sites and their maps are given in the 

corresponding chapters. Studies conducted in these discrete areas consist of land 

cover mappings by digital satellite images, some of which are based on the 

application of the same set of spectral signatures developed at the Kidman Springs 

study area. This indicates that for such a study, an internally consistent digital data set 
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would be more advantageous. Horner et al. (1997) also noted that multi-scene mosaic 

is one way to eliminate post-classification edge matching, optimise computer and 

image analysis, ensure regional consistency in cover type mapping, and maximise the 

use of ground training sites for ecologically similar areas located in different images. 

As such, in order to use a consistent data set for the whole study region, two image 

mosaics were constructed. One mosaic consisted of four Landsat MSS images 

captured in 1983 and the other consisted of four Landsat TM images captured in 1995. 

However, due to the lack of access to all other imageries, such as the SPOT XS, 

SPOT4/SWIR and AIRSAR to cover the whole study region, no image mosaic were 

fonned from the SPOT and AIRSAR images to match the large study areas covered 

by the MSS and the TM image mosaics. These images were treated separately and the 

pre-processing of these images is described in Chapters 4 and 5. 

3.2 Pre-processing of the Optical Imageries 

Image pre-processing techniques were applied to all the input images using image

processing packages such as ENVI (Research Systems, Inc. 1995), ERDAS Imagine 

(ERDAS, Inc. 1997), and microBrian (CSIRO & :MP A Australia 1992). These include 

pixel drop out and bad line correction, image registration and rectification, image 

mosaicking and atmospheric path correction. All of these steps were carried out prior 

to the construction of seamless image mosaics. 

Image subsets were then taken out from these two large image mosaics to cover the 

study areas at Kidman Springs (320 km2), Mathison (745 km2) and the large area 
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(15000 krn2) covering both the sites to be used in studies that are described in chapters 

four, five and six respectively. This way, all the MSS and TM data sets used in the 

discrete regions of the study area had their origin from a common and consistent data 

set that had undergone a common pre-processing procedure. The following 

paragraphs provide a brief description of the image pre-processing steps used in this 

study. 

3.2.1 Bad Lines 

In the following text, the path/row numbers refer to the respective MSS and TM 

imageries. For example, MSS 105/69 indicates the MSS image with path No. 105 and 

Row No. 69. MSS 105/69 and MSS 105170 images each had a few blank lines that 

had no data in them (bad lines). In MSS 105/69 image, lines 1400 through to line 

1413 and from lines 2043 through to line 2055 had no data and displayed as blank 

lines. MSS 105170 image had bad lines from lines 75 through to line 84. Standard 

procedures of ENVI image processing package (Research Systems, Inc. 1995) were 

used to replace the bad lines by the average value of data calculated from the four 

adjacent lines on both sides of the blank zones. Similar procedure was applied to both 

the MSS 105/69 and MSS 105170 images. 

3.2.2 Image Registration and Rectification 

All input images, i.e. 4 Landsat MSS, 4 Landsat TM, 2 SPOT XS, 1 SPOT4/SWIR 

and 2 AIRSAR imageries were registered and re.ctified using AUSLIG topographic 

75 



maps and ENVI image processing program package (Research Systems, Inc. 1995). 

Details of registration and rectification parameters are given in Table 3.0 1.  

3.2.3 Image Mosaic 

Before image mosaic, it was determined whether any radiometric correction between 

the imageries was necessary. Advantage was taken of the overlapping areas that 

existed between each pair of the adjacent images (overlap between MSS 105/69 & 

105170, 105170 & 105/71, and 105171 & 105172 images), for determining if there was 

any difference in brightness values (DN) between the two adjacent images covering 

the same overlapping areas. Three small image subsets were created from these three 

overlapping areas. Each of the subsets contained a total of eight bands, four (MSS 

bands 4, 5, 6 & 7) from each of the adjacent overlapping images. Using these image 

subsets one at a time, each band of any one image was cross-plotted against its 

counterpart band from the other overlapping image. For example, band 4 of subset 

MSS image 105/69 was plotted against band 4 of the subset MSS image 105170 and 

so on. The DN values from these bands at different percentile points of the cross-plot 

were studied (Appendix 1 ). 

The DN values from the corresponding bands of the overlapping images appeared 

very similar at different percentile points, implying that there was no radiometric 

difference between the adjacent imageries and that no radiometric adjustment was 

necessary between the image sets. As such, no radiometric adjustment was done 

between the MSS images. 
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Table 3.01. Image Registration and Rectification Parameters 

Input Registered No. of RMS Re- Number of Resampling 
Images to: GCPs Error sampled Pixels I Algorithm' 

(in pixel) Pixel Size Lines Method used 

MSS Topo- 53 0.51 10 2829/2675 
105/69 graphic 
MSS maps 49 0.4426 2826/2661 Nearest 
105170 1 : 100,000, 80 meters Neighbour 
MSS UTM 42 0.4469 2824/2658 Resampling 
105171 Projection 
MSS Zone 52 
105172 4 1  0.5307 2812/2555 

TM 105/69 Topo- 59 0.7035 773116742 
graphic 

TM 105170 maps 87 0.5515 7733/6748 Nearest 
1 : 100,000, 30 meters Neighbour 

TM 105171 UTM 89 0.6151  7732/6751 Resampling 
Projection 

TM 105172 Zone 52 60 0.4710 7733/6751 

Cloude- Topo- 0.4 1 17 
Decom- graphic 
posed maps Cubic 

9-band (1 :50,000) 23 20 meters 788/549 Convolution 
AIRSAR UTM 
Image Projection 

Zone 52 

SPOT4/ Topo- 0.5848 
SWIR graphic 
4-band maps Nearest 

SPOT 1 : 100,000, 7 1  20 meters 3654/3483 Neighbour 
Image UTM Resampling 

Projection 
Zone 52 

SPOT Topo-
Humbert graphic 33 0.5244 41 1 1/3004 

maps Nearest 
1 : 100,000, 20 meters Neighbour 
UTM Resampling 

SPOT Projection 
Bowman Zone 52 35 0.3570 41 14/3002 
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Similar procedures were followed for the four overlapping TM images (Appendix 2). 

It was found that there was almost no difference between the DN values at different 

percentiles from the corresponding bands of the adjacent images covering the same 

overlapping areas and as such, no radiometric adjustment was needed between the TM 

imageries either. 

As a next step, using ENVI procedures, an image mosaic was produced by sewing 

four MSS images captured in 1983. The option of feathering the edges of overlapping 

areas in the input images was chosen to blend the edges by "Edge Feathering" 

(Research Systems, Inc. 1995). An edge feathering distance of 50 pixels was chosen 

to create a linear ramp that averaged the values in the overlapping areas of the two 

images across that distance so that no abrupt change, if any at all, in the values of the 

two images remained. This helped in the production of a seamless mosaic. The final 

image mosaic consisted of a total of 4180 pixels and 8535 lines, is shown in Figure 

3.01. Using similar procedures, four TM imageries were mosaicked together that 

resulted in a seamless image mosaic containing 1 1 358 pixels and 22699 lines (Figure 

3.02). 

3.2.4 Atmospheric Path Radiance Co"ection 

It was assumed that infrared data (>0. 7 J.Lm) were largely free of atmospheric 

scattering effects, whereas the visible region (0.4 to 0. 7 J.Lm) was strongly influenced 

by its effect. Jensen (1994) noted that normally, data collected in the visible 

wavelengths had a higher minimum value because of the increased atmospheric 

scattering effects in these wavelengths. 
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Figure 3 0 1 .  Mosaic of four MSS images covering the study area within 
the North Australian Tropical Transact in northern Australia 
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Figure 3.02 Mosaic of four TM images covering the study area within 
the North Australian Tropical Transact in northern Australia 
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Since the effects of atmospheric scattering, or haze, cause the higher minimum value 

in these bands, he maintained that taking away the minimum value (also called the 

subtractive bias), from alJ the relevant bands could minimise this effect. He suggested 

that the subtractive bias could be determined by evaluating the histograms of 

brightness values of a reference target, such as a deep-water body in the scene, in all 

relevant bands. 

In this project, Histogram Adjustment method as suggested by Jensen ( 1994) was 

used for minimising atmospheric scattering effects in the imageries. Subtractive bias, 

i.e. the minimum data value recorded by the histogram in an area representing deep 

water body, was established for the visible bands of the images. For the Landsat MSS 

and TM images, the histograms of brightness values from the deep-sea water body at 

its northern edge of the image mosaic were evaluated and the subtractive bias was 

applied to the whole mosaic. 

Similar procedure was followed for the two SPOT XS images, Humbert (Kidman 

Sp1ings) and Bowman (Mathison), and one SPOT4 I SWIR image (Kidman Springs), 

to establish subtractive bias from water sites in the scenes and were applied to the 

respective bands for minimising the effects of atmospheric scattering in these images. 

3.3 Pre-Processing of AIRSAR Image 

Two Airborne Synthetic Aperture Radar images (AIRSAR), acquired during the 

AIRSAR mission of the NASA-JPL on 24 September 1993, were used in the study. A 

3 X 3 mean filter was applied on the "target-decomposed" (Menges 2000a, Menges 

2000b, Cloude and Pottier 1996, Van Zyl 1992) AIRSAR images to reduce speckle. 
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Cloude and Pottier ( 1996) presented an overview of the target decomposition process 

and Van Zyl (J 992) applied Cloude decomposition to polarimetric radar data and 

discriminated vertical structures such as forests from bare soil. This decomposition of 

the C, L and P bands into eigenvalues is a useful means of reducing the 

dimensionality of image data into independent vectors related to the physical 

interpretation of the scattering mechanjsm; the eigenvalues arc interpreted as the 

relative contributions of single, double and multiple scattering mechanisms 

respectively and produces three eigenvalues for each of the bands, which can be 

calculated as follows (Menges 2000a, Menges 2000b): 

(1) l51
eigenvalue=(VV+HH+Sqrt((VV-HH)/\2+4*(R_HHVV/\2+1m_HHVV/\2))))/2 

(2) 2"d eigenvalue=(VV+HH-Sqrt(VV-HHY2+4*(R_HHVV/\2+Im_HHVV/\2))))/2 

(3) 3rd eigenvalue=HV 

Each of the eigenvalues were then multiplied by 128 and divided by the average value 

over the whole image so as to convert the values to byte range. The two slightly 

overlapping images were then mosaicked together, rectified and resampled by cubic 

convolution method. The use of this image in the classification process is reported in 

Chapter 4. 

3.4 Image Composites 

In order to evaluate the synergism of optical and AJRSAR data sets, image 

composites were produced with different band-combinations of SPOT XS, TM and 

AIRSAR imageries covering the Kidman Springs study region. A SPOT-TM 
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composite unage was produced by combining three bands of SPOT XS and the 

middle-infrared band of the TM image. Another composite image was produced by 

combining the three bands of SPOT XS image with the nine bands of the Claude

Decomposed AIRSAR image, called the SPOT-AIRSAR composite image. These 

were used in digital image classification in Chapter 4. 

3.5 Minimum Noise Fraction (MNF) Transformation 

Minimum Noise Fraction (MNF) transformation (Green et al. 1988) is a technique of 

removing any remnant noise from the image data. To be able to compare the efficacy 

of the MNF transformed imageries with the normal imageries in mapping the land 

cover types of the study areas, a SPOT XS, TM and a SPOT-TM composite imageries 

covering the Kidman Springs study region were subjected to MNF transformation. 

Using the ENVI image processing program package (Research Systems, Inc. 1995), 

signals were separated from noise by using a modified version of the Minimum Noise 

Fraction-transformation (Green et al. 1988). Researchers such as Adams et al. ( 1986), 

Craig (1990), Boardman ( 1989, 1993), Boardman et al. ( 1995) and Boardman and 

Kruse (1994) have all used MNF transformation to remove any remnant noise from 

image data. 

Boardman and Kruse ( 1994) described MNF transformation as a two cascaded 

Principal Component transformation where the first transformation, based on an 

estimated noise covariance matrix, de-correlates and re-scales the noise in the data. 

The first step results in transformed data in which the noise has unit variance and no 

band-to-band correlation. The second step is a standard Principal Components 
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Transformation of data. The transformed data space can be divided into two parts. 

One part is associated with large eigenvalues and coherent eigenimages, and a 

complementary part with near-unity eigenvalues and noise dominated images. 

According to Boardman ( 1993), a small number of dimensions usually explain almost 

all the signals, with the complementary bands associated with salt and pepper noise 

images and unit eigenvalues. In the MNF-space, the number of valid dimensions can 

be determined by joint inspection of the images and the final eigenvalues and can 

easily be segregated from noise dominated part of data. 

In each case of the three image sets in this project, the transformed data space was 

divided into two parts. One part was associated with large eigenvalues and coherent 

eigenimages, and a complementary part with near-unity eigenvalues and noise 

dominated images. It was observed that the SPOT XS, TM and the SPOT-TM 

composite images contained noise in their last bands (bands 3, 4, and 4 respectively). 

The noise bands were then removed from the image by spectral subsetting. The noise

removed images were then subjected to digital image classification, the details of 

which are given in Chapter 4. 

3.6 Conclusion 

This chapter on image pre-processing described the replacement of the bad lines in 

images, image registration and rectification, atmospheric path radiance correction and 

the preparation of the two large image mosaics, one from Landsat MSS and another 

from Landsat TM images. It also described the pre-processing of the two AIRSAR 
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images and the MNF transformation of SPOT XS, TM and the SPOT-TM composite 

images used in this project. 

For all the image analysis studies described in chapters 4, 5 and 6, these imageries 

have been used. Particularly the image subsets of the Landsat MSS and TM images 

were all taken out from the two large image mosaics, the subsequent analyses of 

which are described in the following chapters. 

85 



CHAPTER 4 

Integrating Varied Resolution Imageries and GIS for Mapping Land Cover in 

Tropical Savannas of Northern Australia: Study Site at Kidman Springs, Victoria 

River District, Northern Territory of Australia 

86 

. 



4.1 Abstract 

Varied resolution imageries such as Landsat MSS, TM, SPOT and AIRSAR were 

used in conjunction with digital image classification techniques to classify land cover 

types in a semi-arid savanna landscape in northern Australia. Accuracy assessment 

was based on 101 ground survey sites over a 320 km2 study area. Of the 12 main land 

cover classes previously mapped by conventional means, between 6 and 12  were 

successfully identified and mapped. Out of the successfully mapped classes. 6 land 

cover types were differentiated by all combinations of imagery and classification 

techniques. The overall accuracy for these classifications based on spectral 

characteristics only ranged from 40% to 77%. User's and producer's accuracy of 

individual land units ranged from 0% to 100%. Grassland on alluvial plains, 

woodland on limestone plains, woodland on sandstone escarpments and woodlands of 

the riparian strips and associated levees were mapped accurately. Those units that 

were generally not well mapped occurred on undulating hill slopes. However, 

integrated analysis of the classified imageries with a Digital Elevation Model (DEM) 

in a GIS considerably improved the classification accuracy in such land cover types 

and hence improved the overall classification accuracy. Such an approach also 

enhanced the classification accuracy in other areas of spectral ambiguity, such as 

between woodland on sandstone escarpment and riparian woodland. SPOT XS was in 

general more accurate than TM and MSS imageries; unsupervised classification 

generally performed better than supervised and hybrid methods. However, there was 

no general combination of imagery and analysis that performed consistently well for 

all land cover types. In undulating terrain, a combination of optical data and radar data 

was partly successful in identifying these terrain types. A 'minimum noise fraction 
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transformation' method improved overall accuracy only slightly. High resolution 

imagery and digital image processing offers good potential for mapping the eJttent and 

spatial configuration of the common land units in north Australian savannas. 

4.2 /ntroduction 

Reliable information on land cover is required to solve a range of environmental and 

social problems, including resource inventory and policy development at local, 

regional and global scales (Townshend et al. 1991, Rasch 1994, Cihlar 2000). During 

the last 30 years, remotely sensed data have been used extensively to monitor 

environmental change and to map land cover (Ahmad 1986, Colby and Keating 1998) 

because remote sensing can acquire repetitive land cover information from large areas 

in a cost effective manner. 

At continental and regional scales, land cover maps based on remotely sensed data 

have been made for central and south western Africa (Laporte et al. 1998, Tucker et 

al. 1985, Rasch 1994), South America (Stone et al. 1994), numerous States within the 

U.S.A. (Vogelmann et al. 1998, Homer et al. 1997, Ramsey et al. 1992, Ramsey et al. 

1993, Kautz et al. 1993, Joria and Jorgenson 1996) and Asia (Rasch 1 994). These 

studies highlight the variation in approach and efficacy in land cover mapping. 

Remote sensing has also been used for land cover studies in small areas (Ahmad and 

Hill 1994, Matheson and Ringrose 1994, Ahmad et al. 1999). Different sources of 

data and different image analysis techniques have produced different levels of 

accuracy, depending on image resolution, scale of study and landscape heterogeneity. 

An emerging issue from these research works, however, is the extent to which land 
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cover types can be mapped on the basis of variation in the spectral signals of various 

image types (Cihlar 2000, Defries and Belward 2000). 

In the savanna landscapes of northern Australia, there is a need for land cover 

mapping at local and regional scales (Ash 1996). The region is vast (several million 

km2) sparsely populated (< 250,000 people), and comparatively intact, ecologically. 

There have been notable applications of remote sensing technologies for natural 

resource inventory e.g. studies of the characteristics of semi-arid vegetation (Graetz et 

al. 1976, Graetz and Gentle 1982), land degradation in Kakadu National Park (Graetz 

1989), fire patterns in savannas (O'Neill et al. 1993, Russell-Smith et al. 1997), 

monitoring weed infestation (Fitzpatrick et al. 1990), and cattle disease eradication 

(Laut and Naninga 1985). However, there has been relatively little work done on land 

cover mapping by remote means in north Australia. 

Research on the variation m spectral characteristics of landscapes in northern 

Australia include the use of Landsat MSS imagery to determine vegetation 

characteristics and spectral separability of savanna woodlands and shrub woodlands in 

northern Australia (Matheson 1991, 1994). Ringrose et al. ( 1994), on the other hand, 

used hand-held radiometer readings to establish basic spectral data for the 

quantification of green vegetation cover in the Northern Territory. Matheson and 

Ringrose ( 1994) used several band ratios, NDVIs and directed principal component 

analysis in order to rationalise reflectance characteristics of vegetation in several 

regions of the Northern Territory. They also used image classification based on MSS 

imageries to distinguish various broad land cover classes. These classes included fire 

scars, sand dunes, dissected terrain with vegetation, tributary infiU with vegetation, 
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vegetated limestone basins, vegetation around rivers, sandy fields. alluvial silt and 

clay with vegetation and cleared red soil. Menges et al. ( 1999) used AIRSAR data in a 

study of land cover types in a 400-km2 area near Darwin, NT. However. there has 

been no evaluation, at a common site, of the efficacy of the various data sources and 

image analysis techniques for land cover mapping in the Australian savannas. 

In northern Australia, there has been extensive application of more traditional land 

cover mapping techniques at local scales. Land Systems and Land Units were mapped 

in parts of the savanna biome in the 1950s, 1960s and 1970s, for the purposes of 

resource inventory. Each represented an identifiable combination of terrain, soil type 

and vegetation structure, and were derived using air-photo interpretation and field 

survey (e.g. Perry et al. 1961, Christian et al. 1952). Ancillary information includes 

the Atlas of Australian Soils (at 1 :2000 000 scale; Northcote 1968) and the Northern 

Territory Vegetation Map (at 1 : 1000 000 scale; Wilson et al. 1990). The climatic and 

edaphic determinants of vegetation structure and composition in many of these land 

units are also relatively well understood (e.g. Wilson et al. 1990, Williams et al. 

1996, Ludwig et al. 1998). There are numerous land management issues within the 

mining. tourism, pastoral and nature conservation sectors, and rapidly changing 

patterns of land use (Ash 1996). Thus. in the savannas of northern Australia, there is a 

relatively robust ecological framework. incorporating landscape pattern and process, 

and a variety of suitably varied 'test' landscapes within which to judge the efficacy of 

remote sensing/image analysis techniques for land cover mapping. 

In this chapter, this issue has been addressed, using a variety of high resolution image 

types ( 1  0-l 00 m spatial resolution) and a range of digital image analysis techniques 
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(supervised, unsupervised, and hybrid), and the merging of different image types. It 

has also been hypothesised that a post-classification analysis of the classified 

imageries integrated with a Digital Elevation Model (DEM) in a GIS would improve 

classification accuracy over that of image classification alone. This has been 

demonstrated by Hutchinson ( 1982), who achieved enhanced classification results by 

incorporating digitized maps and terrain data with Landsat imagery. Integrated remote 

sensing and GIS technology for improving classification results has also been used by 

Janssen et al. (1990), Golden and Lackey ( 1992), O'Neill et al. ( 1993), Harris and 

Ventura (1995), Peddle and Duguay ( 1995). White et al. (1995), Ringrose et al. 

( 1 997), Ortiz et al. ( 1997) and Riaza et al. (1998). 

A local scale of study ( 100-1000 km2) is used because ( 1) it is at this scale that most 

ground-truthing information is available, and (2) trial at local scales is a first step in 

developing techniques that may be applied to broader areas. The primary questions 

are: can land cover types in a semi-arid savanna be distinguished accurately by a 

range of remotely sensed, varied resolution imageries? What is the comparative 

efficacy and accuracy of various combinations of data sources, resolutions and image 

processing techniques in mapping these land covers? Does post-classification 

incorporation of DEM data with the image classification results enhance classification 

accuracy? These questions are addressed by using MSS, TM, SPOT XS, 

SPOT4/SWIR and AIRSAR imageries and various image-processing techniques. 
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4.3 Study Ana 

The study was conducted at over an area of 320 km2, at Kidman Springs Research 

Station (ca. 131° S; 16° E), in the Victoria River District (VRD) of the Northern 

Territory (Figure 4.01). The climate is semi-arid, wet/dry tropical. Annual rainfall at 

Kidman Springs is ca. 650 mm, 90% of which falls in the sununer monsoon rainy 

season. There is a winter dry season from May-September, during which almost no 

rain falls, as is typical of Australian savannas (Foran et al. 1985, Williams et al. 

1996). Landforms include rugged sandstone plateaux and escarpments, undulating 

slopes, and colluvial and alluvial plains. Soils include heavy cracking clays (vertisols, 

sensu Isbell 1996), red calcareous earth (ferrosols) and sands of various depths 

(tenosols). The vegetation is savanna (discontinuous trees over a generally dense 

understory of grass, Wilson et al. 1990). Tree cover varies from ca. 1-50%, depending 

on land type, but is usually dominated by Eucalyptus. 

The land units of the area were studied in 1970 (Forster and Laity 1972). The 1 2  

dominant land types of the study area, shown in Figure 4.02 and described in Table 

4.01 ,  are generalised from the land unit map produced by the NT Department of 

Lands, Planning and Environment (DLPE) (Van-Cuylenburg, In preparation). The 

eight most extensive land cover types, occupying 95% of the study area are, in order 

of descending abundance: K1. grassland on alluvial plains, K2. woodland on 

Limestone plains K3. woodland on colluvial plains, K4. woodland on levee slopes, 

K5. woodland on limestone slopes, K6. woodland on sandstone escarpments, K7. 

riparian woodland, and K8. woodland on sandstone slopes. 
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Table 4.01 : Description of land cover classes at IGdman Springs: The DLPE land units are expressed in Codes. The first letter of the Code describes steepness of slope, 
second letter describes landform pattern, third letter geology and the last letter the ID number for vegetation or soil. Dominant trees, grasses and the number of sites visited for 
each cover class are indicated. 

Land Cover Class DLPE No. of Topo- Soil Vegetation Major Trees Major Grasses 
Unit Codes Area sites -graphy. Structure 

visited 

Kl. Grassland L71 21 28 A at Cracking clay Grassland, Tenninalia volucris Chrysopogon fallax, 
On alluvial plains Sparse shrub Lysiphyllum cunninghamii /seilema spp, 

Dichanthium spp 
Kl. Woodland on G6d, 16 30 Flat Red earth Woodland & open Eucalyptus tenninalis Chrysopogon fallax, 

Limestone plains (2,3 & 4) woodland; tussock-grass Eucalyptus tectifica Sehima nervosum 
understory Eucalyptus pruinosa Themeda triandra 

K3. Woodland on L811, 0811 1 3 1 2  A at Earth, sands Woodland, olwoodland; Eucalyptus tenninalis Chrysopogon fallax, 

Colluvial plains (on levees t/grass Eucalyptus microtheca Sehima nervosum 

and terraces) 
K4. Woodland on levees 0813 10 30 Flat- clays, Woodland,olwoodland; Eucalyptus tenninalis Chrysopogon fallax, 

undulating earths, sands t/grass Eucalyptus confertiflora Sorghum spp. 

KS. Woodland 05d, 10 4 Undulating Red earth Woodland, olwoodland; Eucalyptus tenninalis Sehima nervosum 

Limestone slopes U5d t/grass Eucalyptus tectifica Themeda triandra 

K6. Woodland on S2g, S3g, 10 5 Steep slopes Skeletal Open woodland; Eucalyptus brevifolia Triodia spp 

sandstone escarpments R3g hummock grass u/story 
K7. Riparian woodlands L81 8 7 Flat clays, earths, sands Woodland, forest Eucalyptus papuana Eulalia aurea 

Melaleuca spp. Chrysopogon fa/lax 

K8. Woodland on U5cl ,  6 6 Undulating Red earths, sands Open Woodland; t/grass Eucalyptus confertiflora Triodia spp 

sandstone slopes 05c1 Sorghum spp 

K9. Woodland on 05g, 3 0 Undulating Skeletal, Open woodland; Eucalyptus brevifolia Triodia spp 

Sandstone rises U5g Earths Humock-grass u/story 
KIO. Woodland on 01g 1 0 A at Sands, earths, Open woodland Eucalyptus ferruginea Sorghum spp 

Sandstone Plateau Grass u/story Eucalyptus tenninalis Sehima nervosum 

K l l .  Woodland on G6c1 1 0 Flat Earths Open woodland; Eucalyptus tenninalis Sorghum spp 

Colluvial plains t/grass u/story Eucalyptus pruinosa Heteropogon contortus 

Kl2. Woodland on R4g 1 0 Moderate Skeletal Open woodland Eucalyptus brevifolia Triodia spp 

sandstone hills Humock-grass u/story 
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4.4 Data sources 

Imageries were acquired over a period of 16 years, from 1983 to 1999 (Table 4.02). 

Optical imageries were acquired during the early dry seasons (ApriVMay) because (1)  

data would be cloud free, (2) trees, including deciduous species, would have full 

canopy and (3) perennial grasses would still be green. Radar data were available only 

for the late dry season (September). A 9-second Digital Elevation Model (DEM) 

provided by AUSUG was used for GIS analysis. Ground-truthing was done in 

October 1998. Ancillary data such as 1 :50,000 scale topographic map and the land 

unit map of the area produced by the Northern Territory Department of Lands 

Planning and Environment (DLPE) were also used. 

4.5 Methods 

Numerous techniques and methodologies have been used to map land cover by remote 

means, depending on the objectives, characteristics and the size of the landscape to be 

mapped. The literature indicates that there is no universal approach to land cover 

mapping. 

Table 4.02: of raw data used at Kidman site. 

Data type Spatial Acquisition date Quality 
Resolution 

MSS Imagery 

TM Imagery 
SPOT XS 
SPOT4 SWIR 
AIRSAR 

80 meters 

30 meters 
20 meters 
20 meters 
10 meters 

9-second DEM, 250 meters 
and data 

4 April, 1983 

27 April, 1995 
30 May, 1992 
5 May, 1999 
24 September, 
1993 

Good, no cloud cover, 
some bad lines 
Good, no cloud cover 
Good, no cloud cover 
Good, no cloud cover 
Good quality 

18  August, 1997 Good quality 
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Rather, the purpose and thematic content (i.e., the classes to be mapped) of the study 

area together with the scale of study help determine the appropriate remote sensing 

data source (Cihlar 2000) and subsequent approach. Land cover mapping from 

satellite data consists of four steps: data acquisition, pre-processing, 

analysis/classification and product generation (Cihlar 2000). This basic approach has 

been used in the study. The image-processing components of this project were carried 

out by using ENVI (Research System 1995), ERDAS Imagine (ERDAS, Inc. 1997) 

and microBRIAN (CSIRO & MPA Australia 1992) image processing software. 

4.5.1 Image Pre-processing 

All imageries were subjected to standard image pre-processing procedures and have 

been described in detail in Chapter 3. In the case of Landsat MSS and TM images, 

small subsets were taken out from the respective image mosaics described in Chapter 

3. Image subsets covering the study site at Kidman Springs were also taken out from 

the SPOT XS, SPOT4/SWIR, and AIRSAR imageries. In order to explore the 

synergism of data sets, two composite images were produced. Firstly by combining 

the SPOT XS image with 9-band Cloude-Decomposed AIRSAR image, secondly by 

combining SPOT XS image with the middle-infrared band (band 5) of the TM image. 

In order to evaluate the effects of the MNF transformation on the image classification 

process, the SPOT XS, TM and SPOT-TM composite imageries were subjected to 

Minimum Noise Fraction (MNF) transformation (Green et al. 1988) technique 

described in Chapter 3. Various classification results with and without MNF 

transformation were evaluated. 
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4.5.2 Digital /mage Classification 

In this study, images of various resolutions have been subjected to supervised. 

unsupervised and hybrid methods of digital image classification. Various 

classification algorithms such as Minimum Distance to Mean, ISODAT A. and 

Maximum Likelihood algorithms (Lillesand and Kiefer 1994, Jensen 1994. Campbell 

1996) were also used. Only those methods that gave the best results in the course of 

evaluation are reported here. 

Supervised and hybrid classifications were applied to the SPOT XS, TM and MSS 

imageries. Unsupervised classification was applied to the SPOT XS, TM, MSS, 

SPOT4/SWIR, SPOT-TM composite and all the MNF transfonned imageries. The 

AIRSAR and SPOT-AIRSAR composite imageries were subjected to supervised 

classification method using the Maximum Likelihood classification algorithm. rather 

than using the Minimum Distance to Mean (Leckie 1990, Lozano-Garcia and Hoffer 

1993, Nezri et al. 1993, Haack and Slonecker 1994, Brisco and Brown 1995). All 

image processing including relevant part of image pre-processing have been 

summarised in a flow diagram (Figure 4.03). 

A statistical method of feature selection suggested by Jensen ( 1994) was used to 

quantitatively select those bands in the classification process that provided the greatest 

degree of statistical separability between the classes, based on the average value of 

Transfonned Divergence. 
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Supervised classification of the raw imagery started by selecting training areas from 

different homogeneous areas of known type, using the existing land unit map and a 

1:50,000 topographic map. A total of 103 signatures from SPOT XS, 1 5 1  from TM 

and 164 signatures from MSS were selected. Evaluation of the standard deviations in 

all input bands was used to check homogeneity of the training areas. In addition, 109 

and 75 signatures were collected from known areas of the radar and the SPOT -radar 

composite imageries respectively. As explained in the Supervised Classification 

section of Chapter 2, for different sets of image band combinations, the best band 

combination for a classification is indicated by the maximum value of the average 

Transformed Divergence (> 1900) that provides the maximum between-class 

separation. For the given sets of spectral signatures, Tables 4.03 and 4.04 show the 

best band combinations in terms of the maximum average Transformed Divergence 

values, which were subsequently used in the supervised classification process. 

Appendix 3 shows the imageries classified in the supervised mode. 

For the unsupervised Minimum Distance to Mean classification of MSS, TM, SPOT 

XS, SPOT4/SWIR, composite and MNF transformed imageries, an iterative 

classification procedure was used by applying varying tolerance levels around the 

means of each spectral class. The tolerance level is a range of DN values calculated as 

a percentage of the overall range of the image and determines the maximum distance 

from the mean, beyond which a pixel can not be considered part of that class. 

Classification processes resulted in the generation of the classified and the residual 

images. In the classified image each pixel's value in each band is replaced by the 

mean value for the class to which it belongs. The residual image is the difference 

between the classified and original data (Ahmad and Hill 1994). 
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Table 4.03: Average Transformed Divergence values for spectral signatures used in 
th . d I . fi . f 

. 
I 

. . 
Kid . e c asst catton o man 

Image I Bands Per Combination No. of Signatures A verageTransformed 

SPOT XS, 3-Band Combination 103 1914 
SPOT XS, 2-Band Combination 1896 

TM, 4-Band Combination 1 5 1  1925 
TM, 3-Band Combination 1 864 

MSS, 4-Band Combination 164 1 864 
MSS, 3-Band Combination 1 8 1 1 

Table 4.04: Average Transformed Divergence values for spectral signatures used in 
the supervised classification of AIRSAR and SPOT-AIRSAR composite imageries, 
Kidman . 

Image I Bands Best band combinations No. of Average 
Signatures Transformed 

AIRSAR 9 Bands All 9 bands 109 1861 
AIRSAR 8 Bands 1,3,4,5,6,7,8,9 1858 
AIRSAR 7 Bands 1 ,3,4,5,6,8,9 1842 

SPOT-AIRSAR 1 2  bands All l 2  bands 75 1986 
SPOT-AIRSAR 1 1  bands 1,2,3,4,6,7,8,9,10, 1 1 , 1 2  1 984 
SPOT-AIRSAR 1 0  bands 1,2,3,4,6,7,9, 1 0, 1 1 , 1 2  1982 
SPOT-AIRSAR 9 bands 2,3,4,6,7,9, 1 0, 1 1 , 1 2  1 975 

The success of the classification is thus a function of randonmess of the residual 

image and the resemblance of the classified image to the original raw data. In order to 

avoid spectral overlapping between classes, the classification process was repeated 

using a narrower tolerance level during each iteration. This procedure was iterated 

many times to optimise the class means and the tolerance levels, ensuring that the 

maximum possible variation within the input images was accounted for. 

The above mentioned classification process resulted in a large number of spectral 

classes. In all unsupervised classifications, there were several small classes that 
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contained <200 pixels. These were deleted, and the classification re-run with a 

slightly higher tolerance level to ensure that the deleted pixels were assigned to their 

nearest neighbours. 

As a next step, an analysis of the separability between the spectral classes generated 

above was carried out for all classified images by using analytical techniques such as 

Canonical Variates Analysis (Hope 1968) and Minimum Spanning Tree (MST; 

Gower and Ross 1969, Richards 1986, Schriever and Congalton 1995, Lillesand and 

Keifer 2000). The canonical variate axes represent weighted average of selected 

image attributes. The canonical variate 1 (CV 1 )  indicates the brightness attributes and 

canonical variate 2 (CV2) indicates the vegetation greenness attributes (CSIRO and 

MPA Australia 1992, Harrison and Jupp 1993). MST provides the spectral links based 

on the Mahalonobis distance between the mean values of the spectral clusters. Each 

spectral cluster on the MST is represented by a dot and the straight lines joining the 

dots depict the spectral links between these classes. In this project, the spectral 

similarity and spatial contiguity of the spectral groups were established by interactive 

viewing of the classes on the screen. These classes were only aggregated if they were 

intermixed spatially when displayed on the screen. This procedure resulted in a 

number of aggregated or super classes represented by their irregular shaped polygons 

in the MSTs. Figure 4.04 illustrates the Minimum Spanning Tree (MST) that shows 

the spectral links between the mean values of the spectral classes for the classified 

SPOT XS image from the Kidman Springs study area. 
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Segregated patches within the super classes indicate heterogeneity of the land cover 

classes with reference to ground cover and understorey. For example, in Figure 4.04 

for SPOT XS image, a segment of the aggregated super class (Kl ,  a) lying on the 

higher greenness axis depicts dense grassland. Another patch (Kl ,  b) is located 

towards the brightness axis very close to the 45°soil line. This depicts extensive 

grazed fields where soil is more exposed. Similarly, a super class representing 

woodland on colluvial plain (K3) highlights distinctive variations with respect to the 

greenness I brightness axes. For example, the patch representing dense woodland on 

sandy soils (K3, a) occur on the higher values of greenness axis whereas another patch 

representing the same class with exposed sandy soil underneath is visualized more 

towards the brightness axis (K3, b). During the field trip, it was observed that part of 

this super class comprises of barren sandy soil with patchy trees. This is highlighted 

by the within variation of K3 patch. 

Several isolated patches representing riparian woodland (K7) class are located at 

varied spots on greenness and brightness axes. This is because the distribution of 

riparian woodlands is varied. Wet areas support denser vegetation cover (higher 

greenness) whereas dry streambeds support only sparse vegetation cover and exposed 

sandy soil (lesser green I higher brightness). Similarly, the super class woodland on 

levees (K4) is represented by two distinct patches, (K4 a) lying on the brighter side of 

the brightness axis and (K4, b) lying on the 45° soil line. This highlights the variation 

in the distribution of sand and vegetation cover on the stream levees. The super class 

open woodland on limestone plains (K2) is represented by a large patch at the centre 

of the figure, depicting a comparatively less variation in brightness and greenness. 
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The super class woodland on limestone slope (K5) that depicts exposure of the rocky 

surface resulting in high spectral variation represents the undulating slopes in the 

study area. This also produces patchyness of the super class in the MST. Patches 

representing exposed rocky surface and lying on the sunlit side are observed on the 

brighter side of the brightness axis. On the other hand, woodland on the shadow side 

of the slope is placed towards the origin of the brightness axis. 

The MSTs corresponding to the TM and MSS data sets are depicted in Figures 4.05 

and 4.06. The super class distribution patterns reveal that these MSTs are more 

compact compared to the MST originating from the analysis of the higher resolution 

SPOT data set. For example, woodland on levees (K4) and riparian woodland (K7) 

are represented by consolidated patches rather than patchy groups as revealed in 

Figure 4.04. This is attributed to the coarse image resolution of MSS and TM data 

sets. Each super class was assigned a meaningful land cover label with the help of 

existing land unit map, topographic map and field data. Appendix 4 illustrates the 

imageries classified in the unsupervised mode. 

Results of supervised and unsupervised classifications showed that some areas were 

classified better than others. Therefore, for the hybrid classifications of the SPOT XS 

image, only those signatures from the well-classified areas of the previously classified 

image were used as input. After evaluation of their statistics, a total of 52 signatures 

were used for the SPOT XS image. These signatures were used in the subsequent 

classification process employing the Minimum Distance to Mean algorithm. The 

resultant Distance-image was manipulated in such a way that areas on the classified 

image that were in and around the desired training pixels were retained, the remainder 
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Figure 4.05. The Minimum Spanning Tree from unsupervised classification 
ofTM image, the Kidman Springs study area. 
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Figure 4.06 .. The Minimum Spanning Tree from unsupervised classification 
of MSS image, the Kidman Springs study area. 
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being given a null value. A binary image was produced to impose a value of zero to 

the classified portion of the image, and a value of one to the rest of the image. This 

binary image was than multiplied with the SPOT XS raw image. This resulted in an 

image that had zero values to the locations that had already been classified in the 

supervised mode using 52 signatures and the remaining unclassified portion retained 

the original SPOT image data. In the next phase, this image was subjected to 

ISODAT A classification method, which resulted in extra signatures. The second 

phase signatures were appended to the initial phase-generated 52 signatures. This 

resulted in a hybrid signature file containing a total of 1 1 1  signatures. 

A similar classification procedure was used for the TM and MSS data sets, which 

resulted in 84 and 182 spectral signatures respectively. Table 4.05 shows the average 

Transformed Divergence values for different band combinations of SPOT XS, TM 

and MSS images to be used in the subsequent hybrid classification process. The best 

band combinations are those that have the maximum average Transformed 

Divergence values. These signature files were then used in the Minimum Distance to 

Mean classifier using the previously defined procedure. 

Table 4.05: Average Transformed Divergence values for spectral signatures used in 
th .d l 

.
fi t• f 1 . . Kid . c asst ca ton o man 

Image I Bands Per Combination No. of Signatures 

SPOT, 3-Band Combination 1 1 1  
SPOT, 2-Band Combination 

TM, 4-Band Combination 84 
TM, 3-Band Combination 

MSS, 4-Band Combination 182 
MSS, 3-Band Combination 
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The resultant classes were amalgamated to produce 8, 1 0  and 10 super classes for the 

MSS, TM and SPOT imageries respectively. Appendix 5 illustrates the imageries 

classified in the hybrid mode. 

After image classification it was apparent that there was ambiguity between some 

spectral classes, e.g. some woodlands on flat plain and structurally similar woodlands 

on undulating slopes. A comparison of the DLPE land unit map and the topographic 

maps of the region showed that in reality, the woodlands on flat plain and woodlands 

on undulating slopes lie on different elevation levels. For example, the woodlands on 

the flat land occurred below 89-meter elevation, whereas woodlands on undulating 

terrain occurred above that level. To tackle such problems, an attempt was made to 

improve the classification accuracy by using remotely sensed data as an input to a 

GIS, which is reported in the following section. 

4.5.3 GIS Analysis 

The use of multisource data, which includes digital image obtained through satellite 

remote sensing and ancillary data such as terrain, soil, ecoregion, meteorological and 

climatic data sets, has been shown to effectively characterize land cover (Loveland et 

al. 1991, Brown et al. 1993). In the present study, a GIS model similar to those 

proposed by Hutchinson ( 1982) and Golden and Lackey (1992) that incorporates 

classified imagery and digital elevation data (DEM) was developed and used to refine 

classification results. 
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In this study, to tackle the problem of spectral confusion between land cover classes 

such as woodland lying on flat plains and woodland lying on undulating slopes. an 

elevation mask was used, which was created by reclassification of the Digital 

Elevation Model (DEM) data. 

The final mask had only two classes that showed two levels of elevation, i.e .. one part 

mapped areas that are 89 meters and below and the other part showed areas above that 

level. A 9-second DEM was used for the purpose. The cell size of the DEM was 

rearranged into different cell sizes to match different resolution of image data used in 

the study (such as 20 X 20-meter, 30 X 30-meter, 80 X 80-meter etc.) from the 

original 250 X 250-meter ceiJ size. These were subset to match image sizes to 

minimise computation (Figure 4.07 illustrates 30 X 30 meter cell size). Using simple 

arithmetic techniques in a GIS, these elevation masks were multiplied with the 

corresponding classified image layers to distinguish the ambiguous classes on the 

basis of elevation differences. Pixels of the ambiguous classes in the classified 

imageries were reclassified and segregated on the basis of their locations in relation to 

different elevation zones in the elevation mask. For example, woodland on limestone 

plain (K2; Table 4.0 1 )  and woodland on limestone slopes (K5; Table 4 .01)  were 

spectrally similar but occurred at two different elevation levels. 
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With the help of the elevation mask, different elevation zones were located on the 

classified imageries and the ambiguous classes were segregated on the basis of their 

locations with respect to these elevation zones. The GIS-analysed SPOT XS image 

classified in unsupervised mode that produced the most accurate result is illustrated in 

Figure 4.08 and discussed in sections 4.6 and 4.7. All other GIS-analysed imageries, 

classified in supervised, unsupervised and hybrid modes are illustrated in Appendix 6. 

4.5.4 Field Data and Accuracy Assessment 

In order to evaluate the classification accuracy, field visits were made to the Kidman 

Springs study site and data were collected from a total of 101  randomly selected sites 

representing the major land cover types of the region. 1:50,000 scale topographic 

maps and a hand-held GPS tool were used to locate the field sites. Data such as 

dominant vegetation, grass cover, soil types, canopy cover, and landform at each 

location were recorded. 

Accuracy assessment was based on data from these ground survey sites. At each 

point, the cover of the dominant trees, the grass cover and the soil type (red earth, 

cracking clay, skeletal or sand) were recorded. Each point was allocated to one of the 

12  land cover types listed in Table 4.01. Error matrices were constructed for each of 

the classification results where field data were organized in columns against image 

data in rows. This was done to all the classified imageries as well as to the GIS

analysed classified imageries. Calculated after Congalton (1991), the overall accuracy 

and Khat including the summary of the classification result are given in Table 4.06. 
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Table 4.06 Classification the Kidman area. 
Image Classification Overall Khat % Overall Khat % Improvement Land Covers 

Technique Accuracy (image) Accuracy % (image+GIS) in overall Classified 
% (image+GIS) accuracy 

with GIS 
SPOT XS Image (Bands 1,2,3) Unsupervised 77 71  83 79 +6 KI -K8 

(ISODATA) 
SPOT XS Image (Bands 1,2,3) Unsupervised 72 64 83 79 + l l  Kl-K8, K l l  

(MDM) 
SPOT XS Image (Bands I ,2,3) Hybrid 65 56 75 69 +10 K l-K8, KIO-K I I  
SPOT XS Image (Bands 1 ,2,3) Supervised 64 56 74 69 +10 KI-Kl l 

SPOT4/SWIR Image (Bands I ,2,3,4) Unsupervised 63 53 64 55 +1  K l -K8 
TM Image (Bands 2,3,4,5) Unsupervised 61 52 62 53 +1  K l -KIO 
TM Image (Bnads 2,3,4,5) Supervised 57 47 58 48 +1  K l -KI I 
TM Image (Bands 2,3,4,5) Hybrid 56 45 57 48 + I  K l -K8, KIO-K l l  

MSS Image (Bands 4,5,6,7) Hybrid 53 40 55 42 +2 K l-K4, K6-K8, K l l  
MSS Image (Bands 4,5,6,7) Supervised 48 35 56 45 +8 K l -Ki l 
MSS Image (Bands 4,5,6,7) Unsupervised 41  25 47 32 +6 KI-K4, K6-K8 

SPOT-TM Composite Image (Bands 1 ,2,3 of Unsupervised 62 5 1  68 60 +6 K l -K4, K6-K8 
SPOT XS and 5 of TM) 

9-band AIRSAR Image (9 Claude-Decomposed Supervised 63 45 72 58 +9 K l , K2, K4, K5, K7, K8 
image bands of AIRSAR) 

12-band SPOT-AIRSAR Composite Image Supervised 72 58 76 61 +4 K l , K2, K4, K5, K7, K8 
(SPOT bands l ,2,3 and 9 bands of Cloude-

Decomposed AIRSAR image) 
SPOT XS MNF-transformed image (MDM) Unsupervised 65 54 - - - K l-K4, K6, K7, Kl l 
TM MNF-transformed image (MDM) Unsupervised 62 52 - - - Kl-K4, K6-K8, KlO, K l l  
SPOT-TM MNF-transformed (MDM) 66 57 - - - Kl-K4, K6-K8 
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User's and Producer's accuracy are given in Tables 4.07 and 4.08 respectively. For 

calculating the user's and producer's accuracy, only the larger land classes, (those 

occupying >5% of land area) were used. User's and producer's accuracy are 

complementary to the other commonly used tenns of commission and omission errors 

respectively. User's accuracy is a measure of commission error (commission 

error=l .OO-user's accuracy in decimal units) and producer's accuracy is a measure of 

omission error (omission error=l .OO-producer's accuracy in decimal units) and both 

tenns are used in the literature. 

4.6 Results 

Out of the 12 land cover types listed in Table 4.01 and shown in Figure 4.02, between 

6 and 1 1  land cover classes were successfully identified and mapped (Appendices 3 to 

6). The user's and producer's accuracy for the individual units varied widely. Six of 

the land cover types (Units Kl, K2, K3, K4, K6, and K7 of Table 4.01) were 

successfully differentiated and mapped by all combinations of imagery and 

classification, with accuracy generally in excess of 70%. 

The overall accuracy for these classifications based solely on image classification 

ranged between 40% and 77% (Table 4.06). The most accurate classification was 

produced by the SPOT XS image subjected to unsupervised classification (77% 

accuracy), while the MSS unsupervised classification produced the least accurate 

classification ( 40% ). 
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Table 4.07. The User's Accuracy of classification results. Bold figures show the accuracy after GIS analysis. Kl = grassland on alluvial plain, K2 = woodland 
on limestone plains, K3 = woodland on colluvial plains, K4 = woodland on levees, K5 = woodland on limestone slopes, K6 = woodland on sandstone 

K7 = woodland, K8 = woodland on sandstone 

Image Kl K2 K3 K4 K5 K6 K7 K8 
% % % % % % % % 

SPOT X S, Un superv ised (ISODAT A) 87 70 81 89 89 71 57 0 57 83 83 63 71 0 83 
TM, Un superv ised (ISODAT A) 52 62 74 65 60 40 50 57 75 57 80 100 60 60 100 100 
MSS, Un supervi sed (ISODAT A) 46 44 48 41 43 25 29 100 0 100 0 100 40 25 13 80 
SPOT X S, Superv ised (MDM*) 79 93 57 74 78 88 100 80 0 80 80 80 71 83 50 71 

TM, Supervised (MDM) 50 55 71 64 41 36 67 57 25 57 80 100 100 67 75 80 

MSS, Superv ised (MDM) 67 56 55 52 29 38 100 67 25 67 40 100 50 100 0 80 
SPOT XS, H ybrid (ISODATA an d MDM) 75 79 59 69 75 75 67 57 0 57 50 80 100 100 20 83 

TM, H ybrid (ISODAT A an d MDM) 58 71 64 67 32 30 42 60 100 60 80 75 80 80 57 57 

MSS, H ybrid (ISODATA an d MDM) 68 55 56 55 25 30 31 60 0 60 100 75 67 50 33 80 

SPOT XS, Un superv ised (MDM) 71 96 7 1 83 88 88 55 38 0 38 100 83 83 83 67 83 

SPOT4/SWIR , U n superv ised (MDM) 64 63 58 67 63 50 71 75 0 75 57 57 86 86 100 50 

SPOT-TM C omposite, Un superv ised (MDM) 68 76 5 1 57 50 56 71 60 0 60 80 100 80 83 100 83 

9 -ban d AIR SAR image, Superv ised (MLD**) 81 89 50 86 - - 100 40 67 40 - - 50 100 0 0 

12 -B an d  SPOT-AIRSAR C omposit e, 86 68 58 82 - - 100 100 67 100 - - 100 100 100 100 

Superv ised (MLD) 

SPOT XS, l\1NF- tran sforme d  image 70 - 54 - 100 - 71 - 0 - 100 - 67 - 0 
Un superv ised (MDM) 

TM l\1NF -tran sfonn ed image, 5 1  - 69 - 40 - 71 - 0 - 100 - 86 - 75 
Un superv ised (MDM) 

SPOT-TM composite, l\1NF -tran sformed 71 - 63 - 86 - 83 - 0 - 71 - 40 - 0 
(MD M) 

MDM* = Minimum Distance to Mean; MLD** = Maximum Likelihood 
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Table 4.08. The Producer's Accuracy of classification results. Bold figures show accuracy after GIS analysis. K l  = grassland on alluvial plain, K2 = woodland 
on limestone plains, K3 = woodland on colluvial plains, K4 = woodland on levees, K5 = woodland on limestone slopes, K6 = woodland on sandstone 

K7 = woodland, K8 = woodland on sandstone 

Image K 1  K2 K3 K4 K5 K6 K7 K8 
% % % % % % % % 

SPOT XS, Unsupervised (ISODATA) 96 96 93 83 67 67 83 83 0 100 100 100 7 1  71 0 83 

TM, Unsupervised (ISODAT A) 82 82 47 50 25 17 83 83 75 100 80 60 86 86 67 83 

MSS, Unsupervised (ISODAT A) 68 54 37 43 25 8 83 83 0 100 0 80 29 14 17 67 

SPOT XS, Supervised (MOM*) 82 89 57 57 58 58 83 83 0 100 80 80 7 1  71 33 83 

TM, Supervised (MOM) 61 61 57 60 58 42 67 67 25 100 80 60 7 1  57 50 67 

MSS, Supervised (MDM) 50 64 57 57 58 50 83 83 25 100 40 20 29 29 0 67 

SPOT XS, Hybrid (ISODATA and MOM) 86 93 63 60 50 50 100 100 0 100 80 80 57 71 1 7  83 

TM, Hybrid (ISODATA and MOM) 50 54 60 60 50 50 83 83 25 75 80 60 57 57 67 67 

MSS, Hybrid (ISODATA and MOM) 32 64 67 60 25 25 83 83 0 75 60 60 29 14 17 67 

SPOT XS, Unsupervised (MOM) 89 93 73 83 58 58 100 100 0 75 80 100 7 1  71 33 83 

SPOT4/SWIR, Unsupervised (MOM) 89 86 60 53 42 33 83 83 0 75 80 80 86 86 17 50 

SPOT-TM Composite, Unsupervised (MOM) 93 89 60 57 42 42 83 83 0 75 80 80 57 71 1 7  83 

9-band AIRSAR image, Supervised (MLD**) 74 76 76 73 - - 25 100 22 67 - - 100 50 0 0 

12-Band SPOT XS-AIRSAR composite 75 81 83 69 - - 100 100 33 100 - - 100 100 67 100 

image, Supervised (MLD) 
SPOT XS, MNF-transformed image 93 - 83 - 33 - 83 - 0 - 80 - 29 - 0 
Unsupervised ('MDM) 
TM, MNF-transformed image, 86 - 60 - 17 - 83 - 0 - 60 - 86 - 50 
Unsupervised (MOM) 
SPOT-TM composite, MNF-transformed 89 - 73 - 25 - 83 - 0 - 100 - 57 - 0 

(MOM) 
* MDM = Minimum Distance to Mean; MLD** = Maximum Likelihood 
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In general, SPOT XS produced more accurate classification results than the TM and 

MSS imageries. Unsupervised classification generally performed better than 

supervised and hybrid methods of classification, with the exception of the MSS image 

where the hybrid classification method resulted in better results. Images containing 

the middle-infrared band - TM, SPOT4/SWIR, SPOT-TM composites - performed 

relatively poorly compared with those without it. 

The variation in both user's and producer's accuracy for individual land cover types 

under different combinations of imagery and classification method are summarized in 

Tables 4.07 and 4.08 respectively. Several of the land units were mapped relatively 

accurately. These were K l :  grassland on alluvial plains, K2: woodland on limestone 

plains, K6: woodland on sandstone escarpments, K4: woodlands on the levees and 

K7: riparian woodlands. Those units that were generally not well mapped were those 

occurring on undulating hill slopes. However, both the user's and producer's accuracy 

varied in each of the six best classified land cover classes for different combinations 

of imageries and classification methods, such that there was no combination of image 

and classification that was equally accurate for all land cover classes. 

In tenns of user's accuracy, grassland on alluvial plains was best-mapped (87%) by 

SPOT XS unsupervised classification, woodland on limestone plains (73%) was best 

mapped by TM unsupervised classification, woodland on colluvial plains (89%) was 

by SPOT XS unsupervised classification. Riparian woodland ( 100%) was mapped 

accurately with the hybrid classification of SPOT XS and supervised classification of 

TM data. Woodland on sandstone escarpments (100%) was mapped accurately by 
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SPOT XS unsupervised classification, and woodland on levee slopes (100%) was 

mapped by SPOT XS and MSS supervised classifications. 

In terms of producer·s accuracy, grassland on alluvial plains (96%), woodland on 

limestone plains (93%), woodland on colluvial plains (67%) and woodland on 

sandstone escarpments (100%) were all best mapped by SPOT XS unsupervised 

classification. Riparian woodland (86%) was best mapped by unsupervised 

classification of SPOT4/SWIR and TM data and woodland on levee slopes (100%) 

was best mapped by SPOT XS unsupervised and hybrid classifications. In these 

classifications woodland on undulating country was consistently spectrally 

indistinguishable from woodland on flat country. 

The overall accuracy of classification after incorporation of GIS ranged from 47% to a 

maximum 83% (Table 4.06). The maximum improvements were shown by SPOT XS 

unsupervised classification ( 1 1 % ), followed by SPOT XS supervised classification 

( 1 0%), 9-band radar and MSS supervised classifications (9%). The relative order of 

accuracy between data sets was similar with and without DEM incorporation. The 

SPOT XS image (unsupervised classification) was most accurate (83%), while the 

MSS (unsupervised classification) was the least accurate ( 4 7% ). 

Tables 4.07 and 4.08 show the comparative user's and producer's accuracy of the 

major land cover types with and without incorporation of DEM. In most cases the 

accuracy increased by GIS analysis, but in some cases it remained as before and in 

few cases it decreased. Some of the best improvements in producer's accuracy ( 100%) 

were in woodland on limestone slopes (K5). Some of the best improvements in user's 
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accuracy (100%) were in woodland on limestone slopes (K5) and in woodland on 

sandstone escarpment (K6) by MSS unsupervised classification. Examples of worse 

cases are woodland on sandstone slopes (K8) in SPOT4/SWIR unsupervised 

classification where user's accuracy decreased by 50%. 

The MNF transformed TM and SPOT-TM composite imageries resulted in a slight 

improvement in overall user's and producer's classification accuracy. In contrast, the 

accuracy of MNF transformed SPOT XS image was diminished slightly (Tables 4.07 

and 4.08). The user's and producer's accuracy for the individual land units did not 

show any trend. 

The composite images - SPOT-TM and SPOT-radar - did not perform any better than 

the individual images from which they were derived. SPOT-TM composite did not 

enhance the performance better than the TM imagery, although SPOT did enhance the 

performance of the radar image (Tables 4.07 and 4.08). For example, the user's 

accuracy for the riparian levee was 25% in radar and 100% in SPOT-radar, accuracy 

for woodland on limestone plains 76% in radar to 83% in SPOT-radar, for grassland 

on alluvial plains it was 73% in radar and 75% in SPOT -radar. The accuracy of 

woodland on limestone slope varied from 28% in radar to 33% in SPOT -radar 

composite image. One notable improvement to the SPOT imagery brought by radar 

was the more successful identification of the undulating country (Unit K5, Table 4.01) 

by both radar and the SPOT-Radar images (0% versus 67% and 67% respectively, for 

user's accuracy; Table 4.07). 
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4. 7 Discussion 

The highlights of the study can be summarised as follows: 

(1)  Successful identification of six major savanna land units of the region. Two of 

these, the woodlands on red earth plains and the grasslands on clay plains, are 

very common components of lowland savannas in the semi-arid region of northern 

Australia. 

(2) The superior performance of SPOT XS imagery with finer spatial resolution 

compared with coarse-resolution TM and MSS imageries in the study area. 

(3) The superior performance of unsupervised classification compared with 

supervised and hybrid classifications. 

(4) Poor performance of imageries with the middle-infrared band. 

(5) Failure of optical imageries to differentiate significantly between woodland on 

gentle flat slopes from similar woodland on undulating terrain. 

(6) Improved classification accuracy by incorporating a Digital Elevation Model 

(DEM) with the results of classified imageries in a GIS. 

The classification of savanna landscape using a set of varied resolution imageries 

produced mixed results. In general, the major land units (those occupying > 10% of 

the study area) were mapped well. Those land units situated on the flat to gentle 

slopes were well differentiated, despite the generally low tree cover ( < 20%) of the 

savanna landscape at Kidman Springs. There were some discrepancies and 

misclassifications at local levels. Some of these errors are likely to be due to 

interdigitation of units at a fine scale - the occurrence of small pockets of contrasting 
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land types within the broader sweep of each of the land units. Pockets of clay soil and 

associated grassland occurring within broader expanses of woodland on limestone 

plain are the most common example of this. This type of diversity within land units 

must have produced mixed pixels, contributing to classification inaccuracy at local 

levels. 

The two most extensive land units of the study area, woodland on limestone plains 

and grassland on alluvial plains were consistently identified and generally accurately 

mapped by all combinations of imageries and classification techniques. These units 

were best differentiated generally by finer resolution imageries, such as SPOT XS, 

radar and SPOT -AIRSAR composite. These two units are markedly different in tree 

cover, and this is likely to have contributed to a difference in near-infrared reflectance 

from the two land types. Thus SPOT was able to differentiate these successfully on 

the basis of the difference in near-infrared reflectance. Radar backscatter is also likely 

to have been more intense from the woodlands than from the grasslands. 

The performance of the finer resolution satellite imageries was superior to that of the 

coarser resolution imageries, as was suggested by Nellis and Briggs (1989). However, 

studies from other areas have produced different results. Latty et al. (1985), Martin et 

al. ( 1988), Moore and Bauer (1990), Gong and Howarth ( 1990) and Wolter et al. 

( 1995) suggested that the classification accuracy would decline as a result of 

improved spatial resolution while other sensor parameters were kept constant. May et 

al. (1997) found that the TM data were more effective than the SPOT data for 

separating and classifying the shrub and meadow vegetation in northern California. 

They attributed this to the greater spectral resolution provided by the infrared band, 
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which is sensitive to dense vegetation cover and their moisture content. Benson and 

DeGloria ( 1985) found the MSS imagery more interpretable than the TM images 

while mapping certain woody vegetation in the Plumas Forest in San Francisco, 

California, though they could not provide a satisfactory reason for that. 

The reason for the finer resolution imageries performing better than the coarse 

resolution images in this study is attributable to the distribution pattern of savanna 

vegetation itself. The distribution of woody vegetation in the Kidman Springs area is 

very heterogeneous and at places very sparse. This heterogeneity in vegetation 

distribution produced increased spectral variance between vegetation stands than it 

would produce from homogeneously vegetated areas. As smaller pixels of finer 

spatial resolution imagery picks up reflectance from smaller ground areas than the 

bigger pixels of coarse resolution imagery, the former can obviously pick up more of 

the spectral variance than the coarse resolution ones. 

The unsupervised classifications of SPOT XS and TM imageries were more accurate 

than supervised and hybrid classifications. Supervised and hybrid classifications are 

largely dependent on spectral signatures collected from known sites, where the 

classification algorithm compares and matches the spectral characteristics of the 

unknown areas with those of the spectral signatures for the purpose of classification. 

However, in a heterogeneous area such as the study area where spectral variability is 

high, a very large number of signatures may be required to cover all the spectral 

variance in the area, which is not always practicable in large unknown areas. Failing 

to use all the spectral variance from the area as signatures is likely to reduce 

classification accuracy. 
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In contrast, unsupervised classifications generate a large number of spectral classes on 

the basis of the inherent spectral variance present in the area. The analyst can then 

amalgamate these spectral classes into meaningful land cover types depending on 

ancillary infonnation, leading to a more accurate land cover map. This interactive 

involvement of the analyst helps amalgamate similar clusters into desired number of 

land cover classes (Cihlar 2000) that match the field situation. Belward et a/. ( 1990), 

Achard and Estreguil ( 1995) and Cihlar (2000) also support the view that 

unsupervised classification approach is a better strategy in situations where signature 

extension problem exists in large areas, though the evidence of using supervised 

classification in such situations exists (Hansen et al. 2000, Muchoney et al. 2000). 

SPOT XS has performed well while the TM, SPOT4/SWIR and SPOT-TM 

composite imageries have been relatively poor performers. This seems to be related to 

the presence of the middle-infrared band in these imageries. Benson and DeGioria 

(1985) and Moore and Bauer ( 1990) held that the middle-infrared bands performed 

well in classification of forests, where canopy cover is relatively high, which is not 

the case in the present study. Wolter et al. (1995) demonstrated that the TM bands 3, 

4, and 5 performed well in distinguishing forests from non-forest areas, but faiJed to 

perform well in classifying various sparsely wooded areas. However, the decrease in 

user's accuracy of woodland on sandstone slopes (K8) in SPOT4 can be attributed to 

the poor spatial resolution of the DEM data, where the overlap of the wrong cell of the 

DEM data has brought down the accuracy in this particular case. 

There were two problems associated with land cover mapping using optical imageries 

on moderate-undulating slopes. First, optical imageries could not differentiate 
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between comrmn woodlands on gentle slopes from thole on undulalmg counU)' Onr 

potential reason is that both the land-rover types were broad!) �rralar m hulc 

characteristics - 10-25% tree canopy cover. w1th a snnaw w1t� of �rec.es m the 

grassy undentorey. They are likely to have sarraw reflectance characten\l.cs on the 

buis of their vegetation and soils, which may overnde any vanatK>n m reflect� 

due to variation in slope. Radar and SPOT -radar cof11X>sate tmagery performed hctter 

than the SPOT imagery in these land units. It is known that sotl moasture and 

roughness of the surface are major driving factors for radar backscatter ( Brown '' aJ. 

1992, Lemoine et a/. 1994). Although roughness of surface m the area has not hc.cn 

studied, it is hypothesised that the undulating surface of the study area roost have 

exerted some influence on the radar backscatter to differentiate the undularmg land 

units from those on the flatter surface. One potential solution to mappmg land unats m 

undulating country may therefore be the use of radar and SPOT -radar cof11X>sat� 

imageries. 

Secondly, some of the smaller land units on steep slopes. such as the woodland on 

sandstone rises, were poorly mapped. Colby ( 1991 ), Ahmad �' al. ( 1992 ). and Colby 

and Keating ( 1998) all observed that accurate land cover mappmg m areas of hagh 

relief and hillsides was difficult. This may be caused partly by topograptuc effects and 

mixed pixels (Langford and Bell 1997). Changing slope and aspect ang�s of halb 

may produce inconsistencies in land cover maps from remotely sensed data m hally 

areas (Hugli and Frei 1983, Kumar and SkKimore 2000). 

In contrast to the moderately undulating land surfaces. sandstone eiea.rpments and 

steep slopes were well discriminated from thetr surroundings � ath a htg.h degree of 
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accuracy. Such slopes were mostly associated with dark shadows and thus distinctive 

spectrally and well differentiated in the classification process. 

GIS analysis performed on the classified imageries improved the overall classification 

accuracy by between 1% and 1 1%. The most notable improvement in the 

classification achieved by incorporating GIS ana.lysis, was the successful 

differentiation of woodland on limestone plain (K2) from woodland on undulating 

limestone slopes (K5) and the differentiation between grassland on alluvial plain (K 1)  

and woodland on sandstone slopes (K8). Spectral ambiguity that occurred between 

grassland on alluvial plain (K1) and woodland on sandstone escarpment (K6) and that 

between woodland on sandstone escarpment (K6) and riparian woodland (K7) during 

image classification has also been reduced by using the same model in GIS. In most 

cases, the GIS procedures improved the user's and producer's accuracy over those 

calculated from image classification results alone. The major improvements in these 

accuracy figures occurred in the land units occurring on undulating terrain. Another 

point is that the 9-second DEM used in the study has actually a cell size of about 250 

meters, which may be too coarse a resolution for such analysis. It is envisaged that 

better accuracy could have been achieved with a finer resolution (==20-30 meters) 

digital elevation model. 

In this connection it should be noted that the spectral distribution patterns of the land 

cover classes in the study region as depicted by the MSTs of the classified imageries 

reveal the underlying variations attributable to the land unit based classification 

scheme adopted in this project. Inherent spatial variation in the actual land cover 

classes makes the amalgamation process difficult and time consuming. This is where 
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the local field knowledge and ancillary information become important in determining 

the boundaries of the super classes. It is therefore, argued that the grouping of classes 

based on the spectral characteristics of the land covers rather than land unit based 

spatial patches will result in a comparatively simple and less tedious classification 

process. This leads to the issues of spectral data based classification scheme and the 

development of consequent land units, which will be different from those currently 

used in the land unit scheme followed in the Northern Territory. 

4.8 General conclusions: the Kidman Springs study site 

No single combination of imagery and classification was the best at discriminating 

accurately between the main land cover types at Kidman Springs. Thus, there is no 

generalised rule of thumb that determines which combination of data and analysis will 

perform best. Rather it appears that the optimum resolution of a data set is dependent 

on the inherent characteristics of the landscape. However, in general, SPOT XS image 

in unsupervised classification mode performed better in comparison to other data sets. 

Incorporation of a DEM in a GIS with this classified image has solved the problem of 

image classification in the undulating versus flat country. The procedure has 

improved the classification accuracy considerably and also has corrected many areas 

of misclassification in the classified imageries. The present study indicates that there 

is a good potential for using high-resolution imageries combined with GIS analysis 

for land cover mapping in the semi-arid savannas of north Australia. 

The present study has been conducted at approximately the same scale as that of the 

basic management units of the pastoral sector in the semi-arid savannas - that is in 
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the region o f  100 k m2 -1000 k m2 , o r  " paddock s" and "w ho le pro perties". Mor eov er, 

the two mo st exten siv e lan d units at Kidman S prin gs - woo dland o n  limeston e plai n s  

an d grassland on alluvial clay plain s  - w ere also mapped relativ ely accurately. Bo th 

o f  these land ty pes are v ery impo rtan t to the pasto ral secto r (Foran et al. 1985), an d 

hav e high bio div ersity co n serv ation status ( Wo in arski and B raithw ai te 1990). Thus, 

high reso lution imagery an d digital image processin g in conj unction with GIS o ffer 

goo d  po tential fo r mappin g the exten t  an d spatial co nfiguratio n o f  the co mmo n and 

i mpo rtant land units in no rth Australi an sav annas. 
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CHAPTER S 

An Evaluation of Alternative Image Classification Techniques for the identification 

and Mapping of Tropical Savanna Landscape in Northern Australia: Study Site at 

the Mathison area in the Victoria River District of the Norlhem Territory of 

Australia. 
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5.1 Abstract 

Landsat MSS, TM and SPOT XS imageries were used in conjunction with 

unsupervised, supervised and hybrid classification techniques to classify land cover 

types in semi-arid savannas of Mathison Pastoral Station in the Katherine region of 

northern Australia. Accuracy assessment was based on field data from 246 ground 

survey sites over a 745-km2 study area. Of 14 land cover classes identified by 

traditional mapping means, all combinations of imageries and classification 

techniques differentiated at least seven land cover types. The overaiJ accuracy for 

these classifications ranged between 43% and 67%. SPOT XS image delivered the 

best accuracy followed by TM and MSS; unsupervised classification performed better 

than supervised and hybrid methods. User's and producer's accuracy of individual 

land units ranged from 0% to 100%. Riparian woodlands, woodland on limestone 

slopes, shrubland on clay plains, woodland on limestone plains and shadows were the 

best-mapped classes. The land units that were associated with undulating hills were 

not mapped accurately. However, incorporation of a digital elevation model (OEM) in 

a GIS improved the overall accuracy. The user's and producer's accuracy of dominant 

land cover types were also enhanced. The classification results and the efficacy of the 

techniques at Mathison were similar to those found for a nearby semi-arid area 

(Kidman Springs) about 200 krn from Mathison. However, the overall accuracy was 

lower at Mathison than at Kidman Springs. Spectral classification masks were 

developed from the SPOT XS and TM imageries at Kidman Springs, and were 

applied to classify SPOT XS and TM imageries at Mathison. Initial results showed 

that the classification mask could be successfully extrapolated to map dominant land 

cover types but only with moderate accuracy (50%). 
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5.2 Introduction 

Land cover information is important for a range of environmental and social activities 

including resource inventory and policy development (Townshend et al. 1991, Rasch 

1994, and Cihlar 2000) and can be represented by maps. In north Australia, there is a 

strong need for mapping savanna landscape (Ash 1996), especially in the context of 

changing resource base and socio-economic and environmental importance of 

savannas (Lindsay 1996, Cole 1986). The extensive occurrence of savannas and the 

low population density in the region point to satellite remote sensing as the most 

suitable mapping tool. However, one problem is that no general model is readily 

available that could be used with satellite imageries to identify and map land-cover 

types in the savannas of north Australia. To this end, the present study aimed to 

evaluate the comparative efficacy of a number of varied resolution imageries in 

classifying and mapping different savanna land types in north Australia. 

In a previous study conducted at Kidman Springs in north Australia (Chapter 4), 

various image types, resolutions and the classification techniques that would best map 

the tropical savannas of the region were evaluated. Promising results were achieved 

and the dominant and common land cover types typical of the savannas, such as 

grassland on alluvial plains, woodland on limestone slopes and plains, woodland on 

colluvial plains, woodland on sandstone escarpments and riparian woodland, were all 

mapped quite accurately. The best classification results were achieved with the SPOT 

XS imagery combined with an unsupervised classification technique. Considerable 

spectral overlap occurred between some land cover classes, especially in areas of 

undulating country. Classification accuracy was improved . by combining the imagery 
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with a Digital Elevation Model (DEM) in a GIS, using standard techniques 

(Hutchinson 1982, Golden and Lackey 1992, Janssen et al. 1990, Harris and Ventura 

1995). However, in order to test the general applicability of the best techniques 

identified at Kidman Springs to other areas in the savannas, it is necessary to evaluate 

these techniques in different landscapes. 

To achieve this objective, the same combination of imageries and classification 

techniques as used at Kidman Springs were used in this study and a classification 

mask (derived from land cover types at Kidman Springs) was applied to imagery from 

a different savanna site at Mathison Pastoral Station, several hundred kilometres 

northeast of Kidman Springs. 

This area was chosen because ( l )  ancillary information was available, (2) broadly 

similar land cover types occur in both the Kidman Springs and Mathison study areas, 

but the two sites differ in terms of rainfall, vegetation density and terrain complexity, 

and (3) a trial over relatively small areas (ca. 750 km2) would be an initial step in 

developing techniques that can be extrapolated from relatively small areas ( 102 - 103 

km2) to larger areas (> 103 krn2). 

5.3 Study Area 

The study was conducted over an area of 745 km2, on the Scott Creek I Mathison 

Pastoral Stations (ca. 131° 38' S� 14° 53' E) about 100 km southwest of Katherine in 

the Northern Territory of Australia (Figure 5.01). 
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Annual rainfall at Mathison is ca. 850 mm. 90% of which falls in the summer 

monsoon season; May-September is the dry season in the region (Foran et al. 1985). 

Landforms include rugged plateaux and escarpments, undulating slopes of sand and 

limestone and plains of limestone, alluvium and coiJuvium. The vegetation is savanna 

(discontinuous trees over a generally dense understorey of grass), where tree cover is 

generally dominated by Eucalyptus (Williams et al. 1996). 

The land units of the area were mapped in 1970 by the NT Department of Interior 

(Aldrick and Robinson 1972). The 14 land units are described in Table 5.01. The 

seven most extensive land units, each occupying >5% of the study site and 

collectively occupying more than 95% of the area, are, in order of descending 

abundance: M1, Riparian woodland; M2, Woodland on limestone slopes; M3, 

Shrubland on clay plains; M4, Woodland on limestone plains; M5, Woodland on 

stony limestone plains; M6, Woodland on high slopes and M7, Shrubland on gentle 

slopes. Figure 5.02 illustrates the major land units mapped by the Northern Territory 

Department of Lands, Planning and Environment (DLPE) (Van-Cuylenburg, in 

preparation). 

5.4 Data sources 

Imageries were acquired over a period of 1 2  years from 1983 to 1995, all during the 

early dry seasons (ApriVMay/June) because ( 1 )  data would be cloud free, (2) trees, 

including deciduous species, would have full canopy and (3) perennial grasses would 

be green. Ground-survey data were collected in October/November 1999. 
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Table 5.01. of the land cover classes units) at the Mathison area 
Land Cover Types DLPE Unit % of No. of Topography Soil Type Vegetation Structure Major Trees Major Grasses 

Codes Study Sites 
Area Visited 

Ml.Riparian woodlands 7a1,7b,7c,7d, 18.0 16 Flat Red Earth Mid-high open E. papuana, Themeda triandra 
7d1,7e,8a,8d, woodland E. tectifica, 

8e E. grandifolia 

M2. Woodland on limestone 2c,2d 18.0 29 5-15% slope Shallow & Open woodland E. dichromophloia, Sorghum plumosum 
slopes skeletal loam E. umbrawarrensis, Sehima nervosum 

M3.Shrubland on clay plains 6d2,6el,6fl, 17.0 47 <2% slope Cracking clay Shrubland, open Terminalia Sorghum plumosum 
6g,6h grassland & woodland platyptera, Chrysopogon fallax 

M4.Woodland on limestone 3d,3d1, 13.0 60 <2% slope Red & yellow Low open woodland E. tectifica, Sorghum spp 

plains 3d2,3e,3f earth E. foelscheana, 

MS. Woodland on stony 3a,3b,3c,5e, 13.0 5 <2% slope Stony red & Low open woodland E. tectifica, Sorghum spp 

limestone plains 5e1,5fl ,5f2,5g yellow earth E. foelscheana, Sehima nervosum 

M6. Woodland on steep 2a,2b 1 1.0 3 >40% slope skeletal, Low open woodland E. dichromophloia, Sorghum plumosum 

slopes rocky E. umbrawarrensis 

M7.Shrubland on gentle 2e 5.0 5 <5% slope Shallow, Tall shrubland & low E. tectifica, Triodia spp 

slopes laterite, sands woodland E. foelscheana Sorghum 

M8. Woodland on sand 4al,4a2,4b2, 2.6 - <3% slope Blain sandy red Tall open woodland E. tetrodonta, Sorghum plumosum 

4d,5a,5b,5c,5d earth T. grandiflora 

M9.Piateau tops l a  2.4 23 Flat to gentle Shallow, sand & Open forest, taU grass E. miniata, Sorghum plumosum 

slope laterite E. tetrodonta 

MlO.Grassland on limestone 6b 0.2 l Flat Limestone Perennial grass 
Mll.Improved Pasture - - 6 Flat Loam Short grassland - Introduced pasture 

grasses 
Ml2.Cleared Land - - 6 Flat 
Ml3.Shadows - - 45 Hill slopes 
Ml4. woodland on levees - - - Flat unknown unknown 
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Ancillary data such as 1:50,000 scale topographic map and a land unit map of the area 

produced by the Northern Territory Department of Lands Planning and Environment, 

DLPE (Table 5.01, Figure 5.02) were also used in association with ground survey 

data. 

5.5 Methods 

In this study, four standard steps of land-cover mapping (Cihlar 2000) using satellite 

data, such as data acquisition, pre-processing, analysis/classification and product 

generation were used. In addition, post-classification analyses combined with a 

Digital Elevation Model (DEM) in a GIS were carried out in order to improve 

classification accuracy. All image-processing components of this project were carried 

out by using ENVI (Research System 1995), ERDAS Imagine (ERDAS 1997) and 

microBRIAN (CSIRO & MPA Australia 1992) image processing softwares and for 

GIS analysis, ArcView 3.1  (ESRI 1996) was used. All standard methods of image 

analysis used in the study including image pre-processing procedures are summarised 

as a flow chart in Figure 5.03. 

5.5.1 Digital ITIUlge Classification 

SPOT XS, TM and MSS imageries were subjected to supervised, unsupervised and 

hybrid methods of digital image classification following methods described in 

Chapter 4. Image classification algorithms such as Minimum Distance to Mean and 

Maximum Likelihood (Lillesand and Kiefer 1994, Jensen 1994, Campbell 1996) were 

used in the process. 
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For the supervised classification using Maximum Likelihood algorithm, spectral 

signatures were collected from known and homogeneous areas representing the 

known land cover types of the area. By following the technique explained in Chapters 

2 and 4, a statistical method of feature selection (Jensen 1994) was used to 

quantitatively select those bands in the classification process that provided the greatest 

degree of statistical separation between the classes, based on the maximum average 

value of Transformed Divergence (Table 5.02). This statistic gives an exponentially 

decreasing weight to increasing distances between the classes. It scales the 

transformed divergence values to lie between 0 and 2000. An average Transformed 

Divergence value of 2000 suggests excellent between-class separation for a given 

band combination. Above 1900 provides good separation, while below 1700 is poor 

(Swain and Davis 1978, Jensen 1994, Schowengerdt 1997, Lillesand and Keifer 

2000). 

As for the three images used in the Mathison site, the combination of the three bands 

of SPOT XS (bands 1,  2 and 3), four bands of TM (bands 2, 3, 4 and 5) and four 

bands of MSS (bands 4, 5, 6 and 7) provide the maximum theoretical separation 

between the signature classes in terms of maximum average Transformed Divergence 

values, which are 1929, 1930 and 1815 (Table 5.02) respectively. These maximum 

values of average Transformed Divergence indicate the suitability of these band

combinations for optimum class separation in image classification and hence these 

bands were used in the subsequent image classification. 
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Table 5.02. Average Transformed Divergence values for spectral signatures used in 
h . d I 'fi . f 

. 
I 

. . 
M hi . t e c asst catton o at son stu stte. 

Image/Band Combination Number of Signatures Average Transformed 

SPOT XS 3 Bands 239 1929 
SPOT XS 2 Bands 1 837 

TM 4 Bands 281 1930 
TM 3 Bands 1919 
MSS 4 Bands 151 1815 
MSS 3 Bands 1786 

Evaluation of the standard deviation in all input bands was used to check homogeneity 

of the training areas. The histograms of the signatures in each band were checked and 

only those having a normal distribution of data were used in the classification. This 

was because the Maximum Likelihood decision rule assumes that the training data for 

each class in each band are normally distributed (Blaisdell 1993, Lillesand and Kiefer 

1994, Campbell 1996). A total of 239 signatures from SPOT XS, 281 from TM and 

151  signatures from the MSS imageries were used in the supervised classification 

process. After classification, similar spectral classes were amalgamated into super 

classes by recoding (ERDAS, Inc. 1997). Figure 5.04 illustrates the spectral 

reflectance curves that show the band wise average DN values from each of these 

signature categories representing the major land cover types in the Mathison study 

area. 

For the unsupervised Minimum Distance to Mean classification of the MSS and TM 

imageries, an iterative classification procedure was used, by applying varying 

tolerance levels around the means of each spectral class. 
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The tolerance level is a range of digital number (DN) values calculated as a 

percentage of the overall range of the image and determines the maximum distance 

from the mean, beyond which a pixel can not be considered part of that class. 

This process resulted in a large number of spectral classes. In all unsupervised 

classifications, there were several small classes that contained <200 pixels. These 

were deleted, and the classification re-run with a slightly higher tolerance level to 

ensure that the deleted pixels were assigned to their nearest neighbours. 

For the SPOT image, however, it became apparent that the use of a tight tolerance 

resulted in a large unclassified area in the image. Therefore, the unclassified part of 

the image was masked out and was classified separately, in the same manner as 

described above. Then the two sets of statistics were merged to classify the whole 

image to produce 254 spectral classes. 

Next, the separability between the spectral classes generated above was analysed for 

aU classified images by Canonical Variate Analysis (Hope 1968) combined with 

Minimum Spanning Tree (Gower and Ross 1969, Richards 1986, Schriever and 

Congalton 1995, Lillesand and Keifer 2000). The spectral similarity and spatial 

contiguity of the spectral groups were both established by interactive viewing of the 

classes on the computer screen. Classes were only aggregated if they were intermixed 

spatiaUy when displayed on the screen. 
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This procedure resulted in 12, 1 1  and 8 aggregated or super classes for the SPOT XS, 

TM and MSS images respectively. Each super class was assigned a meaningful land 

cover label with the help of existing ancillary data from the study area. 

SPOT XS, TM and MSS images classified in the supervised mode are given m 

Appendix 7 and the same images classified in unsupervised mode are given m 

Appendix 8. 

Hybrid classification of the SPOT XS image began with the extraction of signatures 

from the image classified in the unsupervised mode. This signature file was used to 

classify the raw image using Maximum Likelihood algorithm and a Distance image 

was produced (ERDAS, Inc. 1997), which was manipulated in such a way that only 

the well-classified areas from the previous unsupervised classification were retained. 

The remainder of the image was given a null value. Twelve spectral signatures were 

extracted from this image to represent well-classified areas from the unsupervised 

classification. The classified areas were masked out of the raw image and 42 

signatures were then generated from the unclassified portion of the image. 

The two signature sets were joined together to produce a hybrid signature set 

consisting of 54 signatures, which was subsequently used to classify the whole raw 

image in supervised mode using Maximum Likelihood algorithm. 

The above mentioned procedure was also applied to TM and MSS data sets. This 

resulted in 69 and 22 hybrid signatures for the classification of TM and MSS images 

respectively. 
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The results of the Transformed Divergence analysis of the hybrid signature sets are 

given in Table 5.03. As the table shows, the maximum separation between the 

signature classes is provided by the three bands of SPOT XS image (bands 1 ,  2, 3 ), 

four bands (bands 2, 3, 4, 5) of TM and the four bands of MSS image (bands 4, 5, 6, 

7), which is indicated by the maximum average Transformed Divergence values of 

1969, 1962 and 1823 respectively. These three bands of SPOT XS image, four bands 

of TM and four bands of MSS were used in the hybrid image cJassification process. 

The SPOT XS, TM and MSS imageries cJassified in hybrid method are given in 

Appendix 9. 

The Minimum Spanning Tree of the SPOT XS (Figure 5.05) image illustrates the 

distribution pattern of the land cover cJasses in the Mathison area. As has been 

discussed in Chapter 4, the Y -axis of the MST represents the brightness and the X-

axis represents the greenness attributes of the spectral classes (CSIRO and MP A 

Australia 1992, Harrison and Jupp 1993). 

Table 5.03. Average Transformed Divergence values for spectral signatures used in 
t he J 

. 
fi 

. 
f 

. 
I 

. . 
M th. . c ass1 cat1on o a 1son stu stte. 

Image/Band Combination Number of Signatures Average Transformed 

SPOT XS 3 Bands 54 1969 
SPOT XS 2 Bands 1955 

TM 4 Bands 69 1962 
TM 3 Bands 1948 

MSS 4 Bands 1823 
MSS 3 Bands 22 1725 
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The SPOT XS image MST (Figure 5.05) reveals the patchy nature of riparian 

woodlands (M l )  super class and illustrates the underlying spectral variance pertinent 

to site variability. Areas that are wet and densely vegetated lie on the higher greenness 

and lower brightness end of the axis (Ml,  a). On the other hand, areas that are 

relatively dry, sandy and less vegetated (Ml ,  b) are represented by patches lying on 

the lower greenness and higher brightness side of the axis. 

The land cover class woodland on limestone slopes (M2) is dominantly woodland 

over undulating surfaces with shallow soil or rocky surfaces. The patches near the 

brighter end of the axis clearly depict woodland on the sunlit rocky surfaces (M2, a), 

whereas patches near the darker side of the axis depict woodland on the shadow side 

of the hill slope (M2, b). 

Some of the classes are represented by segregated and elongated patches, which are 

influenced by the underlying variation within the super classes. For example, 

aggregated super class (M3), which is stretching along the brightness axis, reveals 

substantial internal heterogeneity as indicated by its elongated nature of the patch. 

This class consisted of shrub land on clay plains, ranging from extensive and dense 

tall shrubs, thereby lying on the higher greenness and lower brightness axis (M3, a) to 

areas of short grassland on cracking clay soil, siliceous and calcareous gravel and 

rubble with intermittent areas of red soil. Such areas occupy higher part of the 

brightness axis (M3, b). 
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Figure 5.05. The Minimum Spanning Tree from unsupervised classification of SPOT XS image, 
the Mathison study area. 
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Another super class (M4) is dominantly an open woodland class on gently sloping 

surface and is occupying the central part of the MST. This class occurred 

predominantly on limestone and red soil and at places where the subsoil is exposed 

due to lower vegetation density or land clearing (M4, b). Densely vegetated areas are 

depicted by patches at the lower end of the brightness axis (M4, a). 

The super class cleared land (M12), where underlying sandy soils are exposed, is 

represented by a patch lying on the extreme end of the brightness axis of the MST. On 

the other hand, shadows (M13) are observed on the dark end of the brightness axis. 

The MSTs from the TM (Figures 5.06) and MSS (Figure 5.07) images similarly 

illustrate the complex distribution pattern of the land cover classes in the study area. 

5.5.2 GIS Analysis 

To improve image classification results, a number of approaches has been followed by 

researchers. These include ( 1 )  image stratification (Hutchinson 1982), (2) 

classification modification (Strahler et al. 1978) and (3) post-classification sorting 

(Shashby and Cameggie 1 986, Golden and Lackey 1992, Brown et al. 1993). In 

image stratification, the image is segmented on the basis of homogeneity and 

processed separately to avoid intennixing of different groups of classes. In 

classification modification, ancillary data is added as extra channels to image bands. 

Sometimes topographic or climatic data are used in the classification process for 

improving accuracy of problem classes. 
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Figure 5.06. The Minimum Spanning Tree from unsupervised classification ofTM image, 
the Mathison study area. 

148 

+ 

. 
/ M2(b) .- - · 



CV2 (Greenness) 

Figure 5.07. The Minimum Spanning Tree from unsupervised classification ofMSS image, 
the Mathison study area. 
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In post-classification sorting, pixels of a problem class are assigned to the appropriate 

class by using ancillary data and after specifying buffer zones. A GIS model similar to 

the post-classification sorting was used in the present study to improve image 

classification results. 

It was apparent after image classification that there was some ambiguity between 

some spectral classes. For example, in the study at Kidman Springs, this was between 

woodland on flat, limestone plains and woodland on limestone slopes on undulating 

country (Chapter 4). Similarly in the Mathison study site, there was spectral 

ambiguity between woodland on limestone slopes and woodland on limestone plains, 

and between the woodlands and shrublands on alluvial clay plains. Some shadow on 

steeper slopes was also spectrally mixed with the riparian woodland class. 

A 9-second DEM produced by AUSLIG was used in an attempt to reduce such 

ambiguity. The DLPE land unit map and the 1:50,000 topographic map of the study 

area revealed that these potentially ambiguous land units were separated at generally 

distinct elevation levels. It showed that, in general, areas below 98 meters represented 

river valley and surrounding areas, elevation between 99 and 125 meters represented 

flat, low-lying areas mostly covered by shrubland on clay plains; areas between 126 

and 141 meters represented gentle slopes that covered woodland on limestone plains. 

The areas above 141 meters represented areas of woodland on limestone slopes and 

shadows. This information was used to create an elevation mask (Figure 5.08), which 

delineated these four discrete elevation levels. The digital elevation data was 

rearranged into three sets of cell sizes from the original 250 X 250-meter size. 
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These were 20 X 20-meters, 30 X 30 meters and 80 X 80 meters respectively for the 

SPOT XS, TM and MSS imageries. All were projected in UTM. 

This elevation mask was employed in conjunction with the classified imageries in a 

GIS to differentiate the ambiguous classes using simple map arithmetic procedures. 

Pixels of the ambiguous classes in the classified imageries were distinguished and 

reclassified on the basis of their locations in relation to this elevation mask. For 

example, all pixels representing shrubland on clay plains and woodland on limestone 

plains that fell on areas above 141 meters in the mask were assigned to woodland on 

limestone slopes. All pixels from woodland on limestone slopes that fell on the area 

between 126 and 141 meters were assigned to the class woodland on li.mestone plains. 

Similarly all riparian class pixels above 141 meters were assigned to shadow class, all 

shadow pixels that fell on areas below 98 meters were assigned to the riparian 

woodland class. Appropriate land cover labels were then assigned to the final land 

cover classes. 

GIS masks were also used to reduce ambiguity in the small classes such as woodland 

on sands and shrubland on gentle slopes and also in the signature-extrapolated 

classified image. 

GIS-analysed SPOT XS image classified in unsupervised mode that provided the best 

results is illustrated in Figure 5.09 and discussed in sections 5.6 and 5.7. The GIS

analysed SPOT XS images classified in supervised and hybrid modes as well as the 

GIS-analysed TM and MSS images classified in supervised, unsupervised and hybrid 

modes are illustrated in Appendix 10. 
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5.5.3 Accuracy Assessment 

Accuracy assessment was based on field data collected from 246 ground survey sites, 

each geolocated by a hand-held GPS unit. At each point, the cover of dominant trees, 

grasses and soil type were recorded. Each point was allocated to one of the land cover 

classes listed in Table 5.01. Error matrices were constructed for all the classified as 

well as the GIS-analysed imageries. For each image, field data were organised in 

columns against the image data in rows. Overall accuracy, KAPPA accuracy (Khat), 

and both producer's and user's accuracy of the dominant classes (those occupying 

>5% of land area) were calculated after Congalton (1991). 

5.5.4 Spectral Extrapolation 

In order to evaluate the applicability of the classification technique to a broader area, 

two classification masks were constructed, consisting of 103 spectral signatures from 

SPOT XS and 151 signatures from TM, representing the 1 1  dominant land units from 

the Kidman Springs study site (Chapter 4). Standard deviations were evaluated in all 

input bands to check homogeneity of the training areas. In addition, a statistical 

method of feature selection based on the average value of Transformed Divergence 

was also used to select the best combination of bands (Chapter 4). 

The two masks generated were then used as inputs to classify the Mathison SPOT XS 

and TM images using unsupervised ISODAT A algorithm (ERDAS, Inc. 1997). Each 

of the spectral classes thus generated was displayed separately on the monitor to 

compare its spatial association in relation to ancillary data such as the DLPE land unit 
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map for identification of the class. Similar classes were subsequently amalgamated 

into superclasses and labelled with the help of ancillary data. APPENDIX 1 1  

illustrates the SPOT XS and TM images classified by spectral signature extrapolation 

after corrections made in the GIS. 

5.6 Results 

Of the 14-land cover types listed in Table 5.01 and mapped by traditional means 

(Figure 5.02), between 8 and 14 were successfully identified and mapped by different 

combinations of imagery and classification techniques (Appendices 7 to 10). All 

combinations mapped the seven dominant land cover classes. These were riparian 

woodland (18% of study area), woodland on limestone slopes ( 1 8% of the study area), 

shrubland on clay plains (17%), woodland on Limestone plains (13%), improved 

pasture, shadows and cleared land. The summary of the classification results is given 

in Table 5.04. 

The overall accuracy for these classifications ranged from a minimum of 43% in MSS 

unsupervised and hybrid classifications to a maximum of 67% in SPOT XS 

unsupervised classification (Table 5.04). In general, SPOT XS produced more 

accurate classification results than the TM and MSS imageries. Unsupervised 

classification generally performed better than supervised and hybrid methods of 

classification. The variation in both user's and producer's accuracy for individual land 

cover types classified with different combinations of imagery and classification 

methods are summarised in Tables 5.05 and 5.06 respectively. 
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Table 5.04 Classification the Mathison area 
Image 

SPOT xs Unsupervised 
(MDM*) 
TM Unsupervised (MDM) 
MSS Unsupervised (MDM) 
SPOT xs Supervised 
(MLD**) 
TM Supervised (MLD) 
MSS Supervised (MLD) 

SPOTXS Hybrid (MDM+ 
MLD) 
TM Hybrid (MDM+:MLD) 
MSS Hybrid (MDM+MLD) 

Mathison SPOT XS 
(ISODAT A) by signature 
extrapolation from Kidman 
Springs, NT 
Mathison TM (ISODATA) by 
signature extrapolation from 
Kidman NT 

Overall Overall Khat Khat Improvement in Final Land Cover Classes Mapped 
Accuracy Accuracy (%) (%) (%) Overall (Codes defined in table 1) 

(%) (image+GIS) (image) (image+GIS) Accuracy with 
GIS (%) 

67 75 61 70 +8 M l-M5, M7-M9, M1 1-Ml3 

58 66 50 60 +8 M l-M9, M11-M l 3  

43 44 31  34 +1 Ml-M4, M7-M8, M l l-M13 
51 56 44 49 +5 M l-M9, M l l-Ml3 

50 57 43 49 +7 Ml-M5, M7-M9, M l l-Ml3 

47 47 39 39 0 M1-M13 

49 57 42 57 +8 M l-M9, M11-Ml3 

50 57 41 57 +7 M l -M4, M6-M9, M l l-Ml3 
43 43 35 35 0 Ml-Ml3 

- 55 - 47 - M l-M4, M6, M l3, M14 

- 52 - 44 - M l -M4, M6, M9, M l 2-M14 

MDM* = Minimum Distance to Mean Algorithm; MLD** = Maximum Likelihood Algorithm 
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Table 5.05. User's Accuracy (%) for the Mathison area, bold figures show the accuracy after GIS analysis. Ml=riparian woodland, M2=woodland on 
limestone slopes, M3=shrubland on clay plains, M4=woodland on limestone plains, M5=woodland on stony limestone plains, M6=woodland on steep slopes, 
M7=shrubland on M l2=cleared land, M l 3=shadows 

Image M1 M2 M3 M4 M5 M6 M7 M9 M 1 1  M12 M13 

SPOTXS 63 91 62 64 56 63 66 86 44 60 0 0 50 50 93 93 100 100 0 0 97 95 
Unsupervised 
TM 65 73 43 49 48 62 64 76 20 0 0 50 0 10 80 85 29 25 0 25 100 94 
Unsupervised 
MSS 19 38 24 23 48 49 5 1  56 0 0 0 0 0 0 0 0 0 14 25 17 96 97 
Unsupervised 
SPOTXS 67 89 63 53 63 67 53 87 13 10 5 4 0 13 64 73 17 10 20 21 97 90 
Supervised 
TM 45 58 33 39 55 63 50 65 0 13 0 1 1  0 100 67 56 33 43 10 23 95 95 
Supervised 
MSS 33 54 20 30 48 57 68 73 25 25 5 7 0 0 50 31 38 30 50 0 92 90 
Supervised 
SPOTXS 75 100 4 1  51 56 54 52 79 30 20 4 6 0 51 86 92 19 22 0 0 97 86 
Hybrid 
TM Hybrid 7 1  82 42 49 43 63 57 72 0 0 0 10 0 19 57 50 31  30 0 25 91 85 

MSS Hybrid 29 31 34 32 58 54 75 68 0 0 0 0 0 0 36 27 25 17 20 8 91 85 

SPOT - 57 - 43 - 55 - 60 - 0 - 0 - 0 - 0 - 0 - 0 - 81 

extrapolation 
TM - 46 - 29 - 63 - 82 - 0 - 0 - 0 - 80 - 0 - 0 - 95 
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Table 5.06. Producer's Accuracy (%) for the Mathison area, bold figures show the accuracy after GIS analysis. Ml=riparian woodland, M2=woodland on 
limestone slopes, M3=shrubland on clay plains, M4=woodland on limestone plains, M5=woodland on stony limestone plains, M6=woodland on steep slopes, 
M7=shrubland on M 12=cleared land, M13=shadows 

Image M1 M2 M3 M4 M5 M6 M7 M9 M i l  M12 M13 

SPOTXS 63 63 62 86 83 87 62 73 80 60 0 0 60 60 61 61 33 33 0 0 84 93 
Unsupervised 

69 69 62 79 51  68 57 60 20 0 0 33 0 20 52 48 33 33 0 17 89 98 
• Unsupervised 

MSS 31  31 52 69 45 47 67 52 0 0 0 0 0 0 0 0 0 17 17 17 51 64 
Unsupervised 
SPOTXS 63 so 34 72 74 66 27 43 40 20 33 33 0 20 39 35 33 17 50 so 82 80 
Supervised 
TM 63 44 59 62 49 57 23 33 0 20 0 33 0 20 78 78 67 so 17 so 82 89 
Supervised 
MSS 25 44 17 62 77 64 25 27 20 20 33 33 0 0 52 22 83 so 33 0 78 78 
Supervised 
SPOTXS 38 25 45 62 74 70 20 43 60 40 33 33 0 20 52 52 50 33 0 0 80 96 
Hybrid 
TM Hybrid 31  56 34 66 49 62 35 38 0 0 0 66 0 60 74 43 83 so 0 17 91 91 

MSS Hybrid 13 25 38 62 55 49 30 32 0 0 0 0 0 0 17 13 50 so 33 17 87 78 

SPOT - 75 - 45 - 77 - 53 - 0 - 0 - 0 - 0 - 0 - 0 - 96 
extrapolation 
TM - 81 - 66 - 32 - 38 - 0 - 0 - 0 - 70 - 0 - 0 - 91 

158 

gentle slopes. M9=plateau top, M 11 =improved pastures, 

TM 

extrapolation 



For different land cover types, user's and producer's accuracy varied widely, from 0% 

to 100%. However, some land-cover types such as riparian woodland (Ml), woodland 

on limestone slopes (M2), shrubland on clay plains (M3), woodland on limestone 

plains (M4), improved pastures (Mi l )  and shadows (M13) were in general mapped 

well with moderate accuracy (>50%). These cover types occupied >66% of the study 

area. On the other hand, woodland on stony limestone plains (M5), woodland on steep 

slopes (M6), shrubland on gentle slopes (M7) and plateau tops (M9) were not so welJ 

mapped. These accounted for about 33% of the study area. There was no combination 

of image and classification technique that was equally good for aU land cover classes. 

The complex nature of the spectral characteristics of the major cover types has been 

demonstrated by the spectral reflectance curves from the imageries. Figure 5.04 shows 

that the spectral reflectance curves in all the wavebands are closely spaced and in 

some cases overlapping with each other, illustrating relatively poor separation 

between the land cover classes. 

The post-classification analysis of the classified imageries in a GIS improved the 

overall classification accuracy considerably (Table 5.04). The minimum overall 

accuracy increased from 43% to 46% and the maximum increased from 67% to 75%. 

In general, the user's (Table 5.05) and producer's (Table 5.06) accuracy of the 

dominant land cover classes also increased by GIS processing. 

Classification of the Mathison area by spectral signature extrapolation with SPOT XS 

image data from Kidman Springs generated seven land cover classes (Appendix 1 1) .  

These were riparian woodland, woodland on limestone slopes, shrubland on clay 
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plains, woodland on limestone plains, woodland on high slopes, shadows and river 

levees. The river levee class is a land cover class at Kidman Springs, but it was not 

differentiated as a separate class in the DLPE classification scheme for the Mathison 

area. The overall classification accuracy after GIS analysis was 55% (Khat 47%) for 

the SPOT XS image. In terms of user's accuracy (Table 5.05), the maximum accuracy 

was achieved in shadow class (81%) followed by woodland on limestone plains 

(60%), riparian woodland (57%), shrubland on clay plains (55%) and woodland on 

limestone slopes (43%). In terms of producer's accuracy (Table 5.06), shadows were 

mapped with an accuracy of 96%, followed by shrubland on clay plains (77% ), 

riparian woodland (75%), woodland on limestone plains (53%) and woodland on 

limestone slopes (45%). Plateau tops, woodland on high slopes and woodland on 

stony limestone could not be differentiated as separate classes. 

On the other hand, the signature transfer with TM image data produced an overall 

accuracy of 52% (Khat 44%) and mapped nine land cover classes (Appendix 1 1 ). 

These included all the land cover types classified by spectral signature extrapolation 

of SPOT XS image data, plus the classes plateau tops and cleared lands. In terms of 

user's accuracy, riparian woodland was mapped with an accuracy of 46%, woodland 

on limestone slopes 29%, shrubland on clay plains 63%, woodland on limestone 

plains 82%, plateau tops 80% and shadows 95%. Producer's accuracy was: riparian 

woodland 81%, woodland on limestone slopes 66%, shrubland on clay plains 32%, 

woodland on limestone plains 38%, plateau tops 70% and shadows 91%. 
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S. 7 Discussion 

Varied resolution satellite imageries combined with different classification techniques 

were used in classifying savannas in the Mathison area of Katherine, northern 

Australia. The study was primarily designed to assess different analytical methods. It 

was conducted in order to ( 1 )  establish the general applicability, in the wider region, 

of previously used image analysis techniques and to (2) evaluate whether the spectral 

signatures from one semi-arid savanna region could be used to identify and map land 

cover types in another broadly similar but structurally more complex savanna 

landscape. 

The main findings of the study were: 

( 1 )  Demonstration of the general applicability of high-resolution data and digital 

image classification techniques for land cover mapping in the savannas of the 

region. 

(2) Finer resolution SPOT XS image combined with unsupervised classification 

techniques produced more accurate classifications compared with coarser 

resolution TM and MSS imageries and supervised and hybrid classification 

techniques. 

(3) Improved classification accuracy by incorporating a 9-second Digital Elevation 

Model (DEM) in the analysis in a GIS with the classified imageries. 

( 4) Promising results provided by initial studies involving extrapolation of a 

classification mask developed from one landscape to map land covers at another 

site. 
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The first three of these findings were also a feature of the study at IGdman Springs 

(Chapter 4 ), demonstrating the general applicability of the classification techniques 

used at IGdman Springs to wider areas of the region. In both the study areas, SPOT 

XS delivered the most accurate classifications when combined with an unsupervised 

classification technique. 

There was some misclassification of land cover classes associated with woodland on 

either flat or undulating terrain, as was also observed at the IGdman Springs study 

site. This was partly overcome by incorporating a digital elevation model (DEM) with 

the classified imageries in a GIS. 

Woodland on limestone plains and slopes, riparian woodlands, shrubland on clay 

plains and shadows were the best mapped land cover classes with moderate to good 

accuracy and accounted for more than 70% of the study area at Mathison. The study 

showed that the major savanna land units in two different study sites in the region 

could be successfully identified and mapped by means of high resolution remote 

sensing data and GIS techniques. 

However, the overall accuracy of classification and mapping as a whole was lower at 

Mathison (by about 10%) than at IGdman Springs (Chapter 4 ). This may be because 

of the more complex terrain and vegetation form and distribution pattern in the 

Mathison area compared with the IGdman Springs site. The variation in woody 

vegetation types at Mathison is greater than at IGdman Springs. For example, clay 

soils at IGdman Springs generally support extensive grassland, whereas at Mathison, 
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the clay plains supported grassland as well as a mixture of grassland and tall shrubs, 

causing potential misclassification. 

The effects of topography and mixed pixels in the high relief area (Langford and Bell 

1997) may explain the overall poor classification accuracy in the steeper slopes and 

plateau tops. The changing slope and aspect of steep hills may produce 

inconsistencies in land cover maps from satellite imageries in hilly areas (Hugli and 

Frei 1983, Kumar and Skidmore 2000). Another potential reason for poorer accuracy 

may lie in the resolution of the data. The finest resolution used in the study was 

provided by the SPOT XS image (20 X 20 m). This appears to be too broad to 

completely cover the steeper slopes associated with low elevation and very steep 

hillsides. Obviously the Instantaneous Field Of View (IFOV) incorporates other cover 

types such as parts of the plateau tops surrounding the slopes and produces a mixed

pixel and ambiguity in the result. A similar problem is encountered with GIS analysis 

where the resolution again was too broad to delineate the boundaries of the steep 

slopes. It is envisaged that the availability of a finer resolution Digital Elevation 

Model (DEM) would enhance the accuracy of classification in this part of the terrain. 

The other source of poorer accuracy at Mathison was the misclassification of 

woodland on stony limestone plains and shrubland on gentle slopes. Despite the 

difference in the soil types in these two land cover types, the vegetation cover was 

largely similar. This difference in soil might not have superseded the effects of 

vegetation on satellite signals. Similar misclassification occurred between shrubland 

on gentle slopes and shrubland on clay plains where both the cover types supported 

similar shrubland and woodland; the main difference was in the soil type. Again, this 

difference in soil type may not have superseded the effects of vegetation, which were 
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similar in both cases, and mapped both the classes as one in many places, causing 

misclassification and poorer classification accuracy. 

The initial results of extrapolation of spectral signatures developed at the Kidman 

Springs study site to the Mathison area produced promising results. Some of the 

common land cover classes such as riparian woodland, woodland on levee class, 

woodland on slopes and plains and shadows could be mapped with moderate accuracy 

(around 50%). However, shrubland on clay plains was misclassified with woodland 

on plains and slopes. As mentioned earlier, structural dissimilarity in the woody 

component and the associated variation in woody cover in the shrubland on clay 

plains in the two study sites would cause a difference in spectral characteristics from 

these two land cover types in the two sites. The average basal area of woody 

vegetation at Kidman Springs was also different at the two sites; about 1-2 m2 ha·1 at 

the Kidman Springs site compared with 2-4 m2 ha·1 at the Mathison site. Higher 

rainfall in the Mathison region could explain the higher basal area at the Mathison site 

than at Kidman Springs (Williams et al. 1996). However, the denser woody cover of 

the shrubland would be spectrally more similar to woodlands than to grasslands of the 

region, causing a difference in spectral characteristics between the cover types, which 

lead to misclassification. Woodland on limestone slopes also showed some 

differences in species dominance between the two areas (E. tenninalis. E. tectifica at 

Kidman Springs versus E. dichromophloia, E. umbrawarrensis at Mathison). Such 

variation in both dominant vegetation cover of the woody stratum (and any associated 

differences in canopy) would affect the spectral signals from the two sites concerned, 

causing potential misclassification. 
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The literature indicates that classification accuracy varies widely and the satisfactory 

requirement depends on the purpose and scale of the study. In some land use studies 

for resource management, an overalJ accuracy of 85% is considered satisfactory 

(Anderson et al. 1976). Fitzpatrick-Lins ( 1978) reports that USGS land cover maps of 

the central Atlantic coastal region have about 85% overalJ accuracy for 1 :  24000 scale 

maps, 77% accuracy for 1 : 100,000 scale maps, and 73% for 1 : 250,000 scale maps. 

Contrarily, low classification accuracy below 40% (Tom et al. 1978, Belward et al. 

1990) are also reported. 

The low classification accuracy in the study area can be attributed to the complex 

nature of the vegetation distribution and the way in which the map units are defined 

and delineated in the study area. The classification scheme available for land cover 

classification in the region is based on the spatial characteristics rather than the 

spectral characteristics of the land cover types. For example, by definition, each land 

cover class within this classification scheme consists of a dominant vegetation cover 

and a description of a soil type and an underlying landform. The combined effect of 

this led to the demarcation of heterogeneous land units, which were used as input in 

the classification process. The end result of this heterogeneity is also highlighted by 

the distribution patterns of the super classes outlined in Figures 5.05 to 5.07. Loveland 

et al. (1999b) share a similar view. They argue that a large land cover class (a human 

defined spatial pattern) into which different classes with different characteristics are 

integrated would cause an increase of within class variation (covariance), a potential 

cause of error and thus lower classification accuracy. This also indicates that the 

accuracy of land cover mapping by remotely sensed data can be improved by 

manipulating and altering the definitions of the land cover classes of the region using 
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the spectral characteristics of the cover types rather than relying on the spatial 

characteristics outlined in the existing land unit maps. 

Although the present study is essentially an evaluation of methodology, and the 

accuracy is only moderate (60-80% depending on land cover type) there are several 

potential practical applications. This study has successfully differentiated several 

important and extensive land cover classes in the Australian savannas, especially the 

wooded from the non-wooded types. Such techniques have applications in the fields 

of woody vegetation dynamics, biodiversity conservation and fire management at 

property scales and sub-regional scales, where information based on 1 -ha pixels is 

needed for assessment of land management options. Combined with empirical 

predictive models of tree basal area as a function of latitude (and hence annual 

rainfall) and soil type in northern Australia, this will allow the estimation of tree 

abundance (Williams et al. 1996). This, in turn, may be used to estimate biomass 

stocks, which are strongly related to tree density. Finer-scale image analysis may 

allow definition of habitat contiguity and complexity, an important part of planning 

for biodiversity conservation (Hansson et al. 1995). Finally, northern Australia is 

prone to extensive and frequent fire (Williams et al. 2001). NOAA imagery is used 

extensively for fire management at regional scales in northern Australia (Allan and 

Southgate 2001), but there is an emerging need for the definition and modeling of fire 

regimes and associated impacts on fuel, flora and fauna at finer scales than the 1 -km2 

of NOAA imagery (Allan et al. 200 1 ,  Russell-Smith et al. 2001). However, 

refinement of the techniques explored in this study is needed before application in this 

field described above can be considered. 

1 66  



5.8 General conclusions: the Mathison study site 

In conclusion this study has demonstrated that satellite data of high spatial and 

spectral resolution (in this case SPOT XS) can be used to provide reasonable accuracy 

maps of vegetation cover and community structure. This is possible at a scale that is 

compatible with the resource inventory work needed to analyse and manage the north 

Australian tropical savannas. In reporting these positive results, however, it needs to 

be kept in mind that the digital image classification procedures and the spectral 

classes amalgamation strategies used for image analysis at various sites were more 

sophisticated and required considerable ground truthing than is generally reported for 

tropical savanna mapping of this type. 

This study in the Mathison area produced similar results to a previous study on the 

savannas at the Kidman Springs site, several hundred kilometers from Mathison. 

Although the overall accuracy of classification at Mathison was lower than at Kidman 

Springs, the basic patterns of classification results in both the places were similar. 

High-resolution satellite imagery combined with unsupervised classification 

techniques provided the best accuracy, with a DEM incorporated in a GIS reducing 

the ambiguities in classified imageries. The study also offered a promise that large 

unknown areas could probably be mapped by extrapolating spectral signatures 

developed from a known area of the region. Additionally, a classification scheme 

based on the spectral characteristics rather than the spatial distribution patterns of the 

land cover types would considerably improve the land cover classification and 

monitoring by satellite imagery in the region. 
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It is also envisaged that the development of digital geographic information systems 

involving multi-layer themes such as soil types of the region, higher resolution digital 

elevation, slope and aspect data and stratification of the region in terms of distinct 

climatic and geomorphic zones can be used in conjunction with the digital image 

classification procedures reported here to significantly improve the accuracy of 

classification. In the present study, a 9-second Digital Elevation Model (DEM) was 

used for improving classification results. Finer resolution Digital Elevation Model 

(DEM) based on 1 :50,000 or 1 :  100,000 topographic maps compatible with the spatial 

resolution of the imageries would be more suitable for eliminating spectral overlaps, 

and to enhance the mapping results. 

A finer resolution OEM would make recognition of the Units such as M6 (woodland 

on steep slopes) and M6 (woodland on plateau tops) more accurate. Both cover types 

were poorly differentiated from other surrounding cover types on the basis of their 

spectral qualities. However, the vegetation of each is generally distinctive (low open 

woodland with hununock grass understorey and woodland with perennial grass 

understorey respectively; Wilson et al. 1990), and they have distinctive topographic 

settings. Thus both should be easily identified by a finer resolution OEM. 

While this is apparent that the existing remote sensing and GIS integrated approach is 

transportable to different sites in the region, this work would need to be associated 

with appropriate field work and adjustment of the analysis parameters to take into 

account the site specific variations. Given the difficulties involved in survey of the 

region, approaches such as videography from helicopter as a cost and time saving 

method can be used as an alternative method of gathering required field data and 
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incorporating this into the research process. The work reported here is based on the 

optical remote sensing, can also be used as a base for new research to evaluate the 

utility of radar for vegetation mapping in the wet and dry tropics of northern 

Australia. As these new generation data become available, it will be necessary to have 

accurate data sets/maps against which the radar imagery can be assessed. There will 

also be opportunity to combine varied sensors data sets such as Landsat TM, SPOT, 

AIRSAR and future sateUite based radar data sets. 
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CHAPTER 6 

An Assessment of a Methodology Combining Spectral Signature Extrapolation and 

GIS for Mapping Land Cover Types in the Savannas of Norlhem Australia 
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6.1 Abstract 

A procedure for classification and mappmg of an extensive area ( 15000 km2) of 

savanna landscape in north Australia that used spectral signature extrapolation 

combined with a digital elevation model (DEM) in a GIS was evaluated. The study 

indicated that, to map dominant land cover types in the savannas in general, the 

spectral signatures from known areas could be extrapolated over wider, unknown 

areas. Depending on the type of imagery, the procedure provided an overall accuracy 

that ranged from 64% to 71%. Spectral signatures from land cover classes such as 

woodland on steep slopes, riparian woodlands, plateau tops, shadows and woodland 

on limestone slopes could be transferred over larger areas of the region with relatively 

little spectral intermixing and misclassification. In contrast, grassland on aHuviaVclay 

plains and woodland on limestone plains posed a more difficult challenge. However, 

it is envisaged that by using a classification scheme based on spectral signatures, 

incorporating spatial variation over a wider region, rather than using the human

induced spatial patterns of the land cover types in the classification process and by 

incorporating a finer resolution DEM would improve the accuracy. 

6.2 Introduction 

As stated earlier, the importance of land cover information in resource management 

and in developing policy on land utilisation has necessitated land cover mapping over 

extensive landscapes at regional scales (Langford and Bell 1997, Cihlar 2000). In the 

savannas of northern Australia, this is a particularly pressing problem due to the large 

area, sparse population and changing use of resources (Ash 1996, Lindsay 1996). The 
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high cost of traditional mapping of the landmass in north Australia favours mapping 

strategies that are based on satellite remote sensing. However, in northern Australia, 

there is considerable environmental heterogeneity. For example, there is a strong 

rainfall gradient from wetter coastal areas to the more arid interior. There is also a 

heterogeneous geological and geomorphic substrate, resulting in a patchy distribution 

of clay, loam and sandy soils. As a consequence, the land cover types are 

heterogeneous (Williams et al. 1996, Wilson et al. 1990). This makes land cover 

mapping by means of satellite imageries a difficult task. Hence, the question arises, 

"to what extent can broad sweeps of savanna landscape be mapped on the basis of 

spectral signatures of land cover types derived from finer scaled studies"? That is, can 

spectral signatures developed from a well-studied local area be used in mapping larger 

regions via spectral signature extrapolation in a cost-effective way? 

In the literature, reports of land cover mapping of unmapped regions by means of 

spectral signature extrapolation are scant. Ahmad and Hill ( 1994) adopted a 

classification strategy in mapping the habitat of Trochus niloticus, a marine gastropod 

in a small study area in the Torres Strait islands, north of Australia. They generated an 

image classification mask using the TM imagery from an intensively surveyed reef 

area and transferred to similar but unsurveyed areas in order to map the unknown 

parts of the reef. They observed that mapping and monitoring of large reef areas of the 

similar environment could be accurately performed based on the information obtained 

from a well-known area. More recently, Muller et al. (1999) used a methodology of 

extrapolating a classification result, developed in a relatively small area in north 

Alaska, for mapping land cover types in the wider and unknown parts of that region. 

They, however, did not use the spectral signatures from the smaller area in the 
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classification process. Instead, they replicated the small area classification procedure 

by applying the same unsupervised classification method and the same number of 

clusters as was used in mapping the smaller area to the broader region. This approach 

was taken because the procedure of direct spectral signature extrapolation did not 

work due to inconsistencies between their input data sets. They applied the same land 

cover information, same number of land cover classes and the same cJassification 

legend that were used in the small area map in classifying, grouping and interpreting 

the spectral clusters in the regional map. 

However, the method of regional land cover mapping by spectral signature 

extrapolation has never been tested in north AustraJian landscape. North Australia, 

therefore, is an ideal testing ground for such a method for land cover mapping. The 

research objective in this Chapter is to assess the potential for such regional mapping 

in the tropical savannas using spectral signature extrapolation. A method of spectral 

signature extrapolation from a small to a larger area, combined with elevation data 

from a digital elevation model (DEM) was used to classify and map the common land 

cover types of the region. 

6.3 Study area 

The study was conducted over the mid-northern part of Victoria River District (VRD) 

of the Northern Territory of Australia. One area covered ca. 2500 km2 around and 

west of the Kidman Springs Research Station, and the other covered ca. 15000 km2 

area (Figure 6.01) encompassing both Kidman Springs and Mathison stations at its 

two opposite comers. 
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Kidman Springs Research Station (ca. 131° ()()' 00" S, 16° 00' 00" E; 320-km2) and 

Mathison Pastoral Station (ca. 131° 38' 00" S, 14° 53' 00" E; 745-km2) in the northern 

Victoria River District are about 200 kilometres apart and provided most of the 

ancillary data. The descriptions of these two areas are given in Chapters 4 and 5. 

6.4 Data Sources 

Input data included image subsets from the TM image mosaic (Chapter 3) and one 

SPOT XS image acquired in May 1992 that covered the Humbert (including Kidman 

Springs site) area of the Northern Tenitory of Australia. Ground-survey data coJJected 

from the Kidman Springs (Chapter 4) and Mathison (Chapters 5) sites were used in 

the study. Field data included information on land cover types, tree basal area and soil 

types collected from a total of 500 different locations over the whole study area. 

Ancillary data such as 1 :50,000 scale topographic maps and land unit maps of the 

Kidman Springs and Mathison areas produced by the NT Department of Lands, 

Planning and Environment (NT DLPE) were used to help define land cover types. 

6.5 Methods 

6.5. 1 Image Pre-Processing 

Image pre-processing of all the imageries used in the study has been described in 

Chapter 3. From the TM image mosaic, one image subset covering 2500-km2 around 

Kidman Springs and one from a larger 15000-K.m2 area covering both Kidman 

Springs and Mathison of north Australia were extracted. 
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Another image subset of the same size and covering the same area as the 2500-km2 

TM image was extracted from the SPOT XS image of the Humbert area in the vicinity 

of Kidman Springs. 

6.5.2 Development of Spectral Signatures 

Two sets of spectral signatures were developed from both the SPOT XS and the TM 

imageries at the Kidman Springs area, the detailed procedures of which have been 

discussed in Digital Image Classification, Section 4.5.2 of Chapter 4. A total of 151  

spectral signatures from the TM image and 103 spectral signatures from the SPOT XS 

image were selected that represented common land cover classes of the area. These 

were grassland on alluvial plains, woodland on limestone plains, woodland on 

colluvial plains, woodland on levees, woodland on limestone slopes, woodland on 

sandstone escarpments, riparian woodlands, woodland on sandstone slopes, woodland 

on sandstone rises, woodland on sandstone plateau, woodland on colluvial plains and 

shadows (Table 4.01, Chapter 4). 

6.5.3 Classification scheme 

In the present study, the existing map units (legend) that were developed for mapping 

the land units of the Kidman Springs and Mathison areas in the 1970s (Aldrick and 

Robinson 1 972, Forster and Laity 1972) were generalised. To accommodate the 

existing spatial variance in land cover types over the broader region, the pre

classification definition of the land units was amended slightly for its use in the larger 

area. Some land cover classes required redefinition as the characteristics of the classes 
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gradually changed in the broader space. For example, the land cover class "grass on 

alluvial plains" in the Kidman Springs area consisted of extensive grass on black 

cracking clay, but the same land cover class consisted of shrubs in addition to grass on 

clay/alluvium in the northern Mathison area. This class was redefined as "grass and 

shrubland on alluvial clay" for broader area mapping. 

The class ''shadows" consisted of only shadows on steep hill slopes in Kidman 

Springs and Mathison, but in the wider country, shadows were found to be spectrally 

inseparable from the dark areas representing fire scars. This class was renamed as 

"shadows and firescar". Additionally, some of the small land cover classes such as 

woodland on sandstone rises and woodland on colluvial plains overlapped with 

woodland on limestone slopes and woodland on levees respectively. To accommodate 

the problems associated with the mapping of smaller area to a larger area, a 

redefinition of the classification labels was done and is presented in Table 6.01. 

6.5.4 Extrapolation of Spectral Signatures 

Two sets of spectral signatures were developed from SPOT XS and TM imageries at 

the relatively small (320-km2) but well surveyed Kidman Springs Research Station 

(Digital Image Classification, Section 4.5.2, Chapter 4). These signature sets were 

then applied to images covering two large areas of the study region (Figure 6.01). 

This was done in two parts, ftrst over an area of ca. 2500-km2 around Kidman Springs 

using both SPOT XS and TM images. After successful completion of this part, the 

spectral signatures were applied over an area of ca. 15000-km2 in the mid-northern 

section of the VRD using the TM image. 
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Table 6.0 1 . of the units used in the classification of the area 
Legend of Description of the map units Equivalent map Description of the map units at Equivalent Description of the map units 
the large of the large area units Kidman Springs area Map Units at Mathison area 

area maps at Kidman at Mathison 
area area 

A Riparian woodlands K7 Riparian woodlands Ml Riparian woodlands 
B Woodland on limestone K5 Woodland on limestone slopes M2 Woodland on limestone 

slopes slopes 
c Grass and shrubland on K l  Grassland on alluvial plains M3 Shrubland on clay plains 

alluvial clay plains 
D Woodland on limestone K2 Woodland on limestone plains M4 Woodland on limestone 

plains plains 
E Woodland on steep slopes K6 Woodland on sandstone M6 Woodland on steep slopes 

escarpment 
F Plateau tops KIO Woodland on sandstone plateaux M9 Plateau tops 
G Shadows and firescars K13 Shadows M13 Shadows 

H Woodland on the levees K4 Woodland on levees Ml4 Woodland on levees 

I Woodland on colluvial plains K3 Woodland on colluvial plains (on 
(on levees and terraces) levees and terraces) 

J Cleared land - - Ml2 Cleared land 

K Woodland on colluvial plains K l l  Woodland on colluvial plains 
L Woodland on sandstone K8 Woodland on sandstone slopes 

slo 
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Using the ERDAS Imagine (ERDAS, Inc. 1997) image processing program package. 

an ISODATA (Iterative Self-Organizing Data Analysis Technique) classification 

algorithm was used to extrapolate the spectral signatures to classify the input 

imageries covering the wider areas of the region. This algorithm uses a minimum 

spectral distance formula to form clusters, while performing the entire classification in 

a repetitive manner. With a set of input spectral signatures originating from the 

Kidman Springs study site, classification began with the mean values (DN) of the 

existing signatures to form the initial clusters, and each time the clustering repeated, 

the means of the clusters shifted. The new cluster means were used for the next 

iteration (ERDAS, Inc. 1997). The number of clusters (spectral classes) generated at 

the end of the classification process remained the same as the number of the input 

spectral signatures. However, the mean spectral values of the final clusters generated 

changed from the original signature values, depending on the range of spectral values 

present in each class in the wider region. Thus the final cluster means were not 

exactly the same as the original ones but were adjusted according to the regional 

variability associated with the land cover classes in the wider region. 

Twenty-five iterations and 95% convergence threshold were used in each 

classification process. The convergence threshold is the maximum percentage of 

pixels whose cluster assignments can go unchanged between iterations. This indicates 

that the program stops processing as soon as the specified percentage of the pixels of 

the image being classified stays in the same cluster between one iteration and next 

(ERDAS, Inc. 1997). 
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The resultant spectral classes (151  for the TM and 103 for SPOT XS image) were then 

amalgamated by interactive viewing of each cluster on the monitor, using fiekt 

knowledge obtained from the study areas and anciUary infonnation to interpret and 

group the spectral classes into super classes. 

This procedure resulted in eleven aggregated super classes in each of the three 

imageries, which were assigned a meaningful land cover label according to the map 

legend (Table 6.01) for the region. 

Figure 6.02 (a, b) shows the mean spectral reflectance curves associated with the 

dominant land cover types of the Kidman Springs area, originating from Landsat TM 

and SPOT XS imageries respectively. Analysis of these plots and the measures of 

Transformed Divergence of the spectral signatures indicated that the spectral 

wavebands 2 (green), 3 (red), 4 (NIR) and 5 (MIR) of the TM image and the spectral 

wavebands 1 (green), 2 (red) and 3 (NIR) of SPOT XS image provided good 

separation between the common land cover types. Visually, however, the wavebands 

3 (red) and 4 (NIR) in the TM image and all the three wavebands in SPOT XS image 

provided the maximum separation between the land cover classes. Figure 6.02 (c, d) 

illustrates how the spectral reflectance curves of the same land cover types have 

evolved in the wider region, showing slight shifts from the original spectral 

reflectance curves (Figure 6.02 a, b). This is due to the adjustment of the mean 

spectral values (DN) to incorporate the regional variability associated with the land 

cover types of the wider region. 
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6.5.5 GIS Analysis 

A GIS model similar to ones proposed by Hutchinson (1982) and Golden and Lackey 

( 1992) was used to refine the classification results. 

The classification process revealed that there were ambiguities between some spectral 

classes. For example, riparian woodlands and shadows were spectrally similar, as 

were woodland on limestone slope and woodland on limestone plains. Ambiguity also 

occurred between woodland on limestone slopes and grass and shrubs on alluvial clay. 

A nine-second Digital Elevation Model (DEM) produced by AUSLIG was used to 

reduce such ambiguity. A comparison of the land unit maps and the topographic maps 

of the study area revealed that these ambiguous land units were separable on the basis 

of elevation. Differentiation of land cover types on the basis of elevation values 

appeared workable at least for the dominant land cover types such as riparian 

woodlands, grass and shrubland on alluvium, woodland on limestone plains and 

slopes and shadows. This information was used to create an elevation mask, which 

delineated four discrete elevation levels covering the whole study area. Figures 6.03 

and 6.04 illustrate the elevation masks for the 15000-km2 and 2500 km2 areas 

respectively. The digital elevation data were rearranged into two data sets, 20X20 m 

and 30X30 m cell sizes from the original 250 X 250 m size to suit both SPOT XS and 

the TM image data. 

To differentiate the ambiguous classes using simple map arithmetic procedures, 

elevation masks were employed in conjunction with the classified imageries in a GIS. 
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Pixels of the ambiguous classes in the classified imageries were distinguished and 

relabeled on the basis of their locations in relation to this elevation mask. For 

example, shadows and extremely moist riparian woodland class were found to be 

spectrally overlapping. However, shadows occurred at higher elevations, whereas 

riparian woodland existed at lower elevations. As such, all pixels belonging to the 

riparian woodland above a certain elevation ( 141 m) were assigned to the shadow 

class, and all shadow pixels that fell on areas below a certain elevation (98 m) were 

assigned to the riparian woodland class. A similar procedure was followed for other 

ambiguous land cover classes and final colour coded maps were produced. Figure 

6.05 illustrates the final, GIS-analysed large area TM ( 1 5000 krn2) image generated 

by the spectral mask extrapolation method, which is discussed in sections 6.6 and 6. 7. 

Figures 6.06 and 6.07 ilJustrate the GIS-analysed SPOT XS and TM images (2500 

krn2) generated by spectral mask extrapolation method, which are also discussed in 

sections 6.6 and 6. 7. 

6.5.6 Accuracy Assessment 

Accuracy assessment was based on the GIS-analysed final image products. For the 

SPOT XS and TM imageries around Kidman Springs (2500 krn2), the accuracy of the 

classification was assessed using field survey and ancillary data from 163 locations. 

For the Larger image (>15000 krn2), accuracy was based on field data from a total of 

500 locations covering the whole study region. From the resultant error matrices, the 

user's accuracy (Table 6.02) and producer's accuracy (Table 6.03) as well as Khat 

coefficient (Congalton 1991) were calculated. 
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Table 6.02. The User's Accuracy of classification results. A = riparian woodland. B = woodland on limestone slopes, C = grass and shrubland on alluvial clay 
plains, D = woodland on limestone plains, E = woodland on steep slopes, F = plateau tops, G = shadows and fire scars, H = woodJand on the levees. I = 
woodland on colluvial (on levees and terraces), J = cleared land. K = woodJand on colluvial and L = woodland on sandstone 

Image Overall Khat % A% B% C% D% E% F% G% H% I% L% 

Large are map from SPOT 71 .8  67.8 83.3 10 69.6 72.4 80.0 100.0 100.0 93.3 100.0 0 
image classification using 
spectral signature extrapolation, 
encompassing Kidman Springs 
and surrounding regions (>2500 
km2 area) 
Large are map from TM image 66.9 62.3 72.4 06.25 64.5 85.7 76.9 8 1 .8 80.0 73.3 0 100.0 
classification using spectral 
signature extrapolation, 
encompassing Kidman Springs 
and surrounding regions (>2500 
km

2 
area) 

Large are map from TM image 64.2 59.4 70.5 3 1 .0 56.6 74. 1 87.0 90.0 99.0 37.0 33.3 100.0 
classification using spectral 
signature extrapolation, 
encompassing Kidman Springs 
and Mathison regions (> 1 5000 
km

2 
area) 
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Table 6.03. The Producer's Accuracy of classifiCation results. A =  riparian woodland. B = woodland on limestone slopes. C = grass and shrubland on alluvial 
clay plains. D = woodland on limestone plains. E = woodland on steep slopes. F = plateau tops. G = shadows and fire scars. H = woodland on the levees. I =  
woodland on colluvial (on levees and terraces). J = cleared land. K = woodland on colluvial and L = woodland on sandstone 

Image Overall Khat % A% 8% C% 0% E% F% G% H% 1% L% 

Large are map from SPOT 7 1 . 8  67.8 87.0 100.0 72.7 70.0 82.8 40.0 100.0 93.3 30.0 0 
image classification using 
spectral signature eJttrapolation. 
encompassmg K1dman Springs 
and surroundmg regions (>2500 
km1 area) 
Large are map from TM image 66.9 62.3 9 1 .3 100.0 90.9 60.0 69.0 60.0 80.0 73.3 0 1 6.7 
classJficatJon usmg spectral 
s1gnature eJttrapolatJon. 
eocompassmg K1dman Springs 
and surroundmg reg1ons (>2500 

' 

km· area) 

Large arc map from TM •mage 64.2 59.4 88.7 78.8 74.7 44.4 46.5 58. 1 89.3 94.4 16.7 .H.] 
das\lfKallon usmg spectral 

s1gnature e\trapolat1on. 
eocumpa."mg l\1dman Spnngs 

und Mat h1son reg1ons ( > 1 50(X) 
lm: area) 

190 

plains plains slopes. 

Accurac % 

; 

; 



6.6 Results 

The results of the study showed that the common land cover types of the wider 

country in the northern Victoria River District could be mapped with moderately good 

accuracy. Each of the three imageries mapped eleven land cover classes, of which ten 

were common in all. These were A. riparian woodland, B. woodland on limestone 

slopes. C. grass and shrubland on alluvial clay, D. woodland on limestone plains, E. 

woodland on steep slopes, F. plateau tops, G. shadows and frrescars, H. Woodland on 

levees, l. woodland on colluvial plains (on levees and terraces) and J. cleared lands. 

The classification accuracy figures were calculated after the classified imageries were 

processed with a digital elevation model (DEM) in a GIS. The overall accuracy of 

SPOT XS and the TM imageries around Kidman Springs (2500 knl) was 71.8% 

(Khat 67.8%) and 66.9% (Khat 62.3%) respectively, whereas the overall accuracy of 

the larger TM image (15000 km2) was 64.2% (Khat 59.4%). In general, the user's 

accuracy of "woodland on steep slopes", "plateau tops", and "shadows and firescars" 

was high - 75-100%. "Riparian woodlands", "grass and shrubland on alluvial clay", 

and "woodland on limestone plains" were mapped with accuracy between 55-80%, 

and for woodland on limestone slopes the accuracy was below 60%. 

The producer's accuracy of "riparian woodlands", "woodland on limestone slopes" 

and "shadows and firescars" was between 75-100%. "Grass and shrubland on alluvial 

clay'' and "woodlands on the levee" were mapped with accuracy between 60-90%. 
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The areas of common land cover types as mapped by the large TM image (15000 

km2) are woodland on limestone slopes 5874 km2 (39% of the area), plateau tops 2158 

km2 ( 14% of the area), riparian woodland 1699 km2 ( 1 1 %  of the area), woodland on 

limestone plains 14 72 km2 ( 10% of the area), shadows and firescars 1001 km2 (7% of 

the area), grass and shrubland on alluvium 956 km2 (6% of the area), and woodland 

on the levees 804 km2 (5% of the area). 

The TM image covering Kidman Springs and surrounding areas (2500 km2) mapped 

woodland on limestone slopes with an area of 914 km2 (32% of the area), plateau tops 

458 km2 ( 1 6% of the area), riparian woodland 420 km2 (15% of the area), woodland 

on limestone plains 332 km2 ( 12% of the area), grass and shrubland on alluvium 305 

km2 ( 1 1 %  of the area). On the other hand, the SPOT image covering Kidman Springs 

and surrounding areas (2500 km2) mapped woodland on limestone slopes with an area 

of 764 km2 (27% of the area), riparian woodland 531 km2 (19% of the area) woodland 

on limestone plains 366 km2 ( 13% of the area), grass and shrubland on a1luvium 224 

km2 (8% of the area) and plateau tops 233 km2 (8% of the area). The SPOT XS image 

was in general more accurate than the TM image (72% versus 67% overall accuracy). 

The superior performance of the SPOT XS image can be predicted from the spectral 

reflectance curves of these imageries (Figures 6.02a, 6.02b). The better separation of 

the land cover classes is illustrated by the clear separation of the average reflectance 

curves of the SPOT XS image (Figure 6.02b) as compared to the closely clustered 

reflectance curves (for example, B and E, and D and F curves in Figure 6.02a), in the 

TM image. 
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6. 7 Discussion 

The study has shown that: 

(1)  By and large, the method of land cover classification by means of spectral 

signature extrapolation from a small to moderately large area (300 km2 to 15000 

km2) aided by a digital elevation model (DEM) was possible and provided 

moderately accurate results. 

(2) There was some ambiguity for some common and widespread land cover types 

such as woodland on limestone plains. 

(3) For some common land cover types, high mapping accuracy (80-100%) was 

achieved. As measured by user's accuracy, these types were woodland on steep 

slopes, plateau tops, woodland on sandstone slopes, shadows and frrescars and in 

tenns of producer's accuracy, riparian woodlands, woodland on limestone slopes, 

woodland on levees and shadows and firescars. 

( 4) SPOT XS image performed better than the TM image in terms of accuracy in the 

2500 km2 study area. 

As indicated above, the land cover mapping by means of spectral signature 

extrapolation combined with digital elevation data has produced moderately good 

results. Some common land cover classes such as the riparian woodland, woodland on 

steep slope and shadows and firescars could be mapped well in the broader region. 

However, some ambiguity occurred between land cover classes, such as "grass and 

shrubland on alluvial clay" and "woodland on limestone plains". This could be 

attributed to the spatial distribution patterns and constituents of the land cover types. 
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For example, grass and shrublands on alluvial clay consisted mainly of grass on black 

clay soil in the Kidman Springs area. In contrast, in the Mathison and surrounding 

areas in the north, similar land cover type supported grass and tall shrubs on alluvium 

on black clay soil, though extensive grass was also common in the area. In places, the 

dense woody shrubs appeared similar to some of the woodlands on limestone plains. 

This varied nature of the constituents of the land cover types resulted in a wider range 

of spectral variance in these land units causing misclassification and spectral 

intermixing between the "grass and shrubland on alluvial clay" and "woodland on 

limestone plains". 

The land cover class "woodland on limestone slopes" was, at places, misclassified as 

"woodland on limestone plains". The class woodland on limestone slopes was on an 

undulating hill slope. The ambiguities and spectral overlaps associated with its 

classification seerm to be related to the general problem of mapping land cover types 

on hiU slopes (Hugli and Frei 1983, Colby 1991, Ahmad et al. 1992, Langford and 

Bell 1997, Colby and Keating 1998, Kumar and Skidmore 2000). 

The most pressing reason for the overall difficulty encountered in the classification 

process appears to be embedded in the complex nature of the classification scheme 

(Aidrick and Robinson 1972, Forster and Laity 1972) used in defining the map units 

of the region. According to this, the physical boundaries of the land units (map units) 

were delineated on the basis of spatial patterns (or habitat classes, Belward et al. 

1990) rather than spectral characteristics of the constituents of the land units. That is, 

spectrally homogeneous areas were not considered in delineating land unit 

boundaries. Rather, attention was paid to some human-defined criteria such as 
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dominant vegetation, soil type, slope of the terrain and characteristics of the soil, 

regardless of the spectral characteristics of the land units. In that way, each land unit 

became a heterogeneous unit comprised of several small homogeneous units. These 

types of map units, when used in conjunction with spectral classification, renders the 

classification process difficult in that the analyst has to amalgamate the small, 

spectrally distinct and homogeneous units into heterogeneous superclasses (i.e. the 

map units). In this respect, Gong and Howarth (1990) also noted that the conventional 

classifiers do not recognise spatial patterns in the same way as human interpreters do. 

That is, a human interpreter may delineate land unit (or map unit) boundaries on the 

basis of any human-defined patterns, but "conventional classifier programmes" can 

not identify the heterogeneous units as separate units but can only distinguish 

spectrally homogeneous areas. The analyst then amalgamates these homogeneous 

areas into meaningful super classes. The habitat classes based on spatial patterns 

consist of numerous species and may consist of more than one soil type (Belward et 

al. 1990, Ratcliffe and Birks 1 980). This increases the spectral variance within the 

land units, rendering the classification process subject to error. Gong and Howarth 

( 1990) suggested that to make better use of conventional classifiers, one must select a 

classification scheme in which classes are defined by spectral characteristics. 

It can therefore be argued that the digital classifiers would be able to produce a more 

accurate picture of the landscape in the mapping and monitoring of the savannas if a 

classification scheme based on the spectral characteristics of the land cover types was 

used. The results of this study also reveal that the incorporation of a finer-scale DEM 

into the classification process will assist in enhancing the mapping accuracy 

considerably. 
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CHAPTER 7 

General Discussion and Conclusion 
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7.1 General Discussion 

The present study has attempted to address the research questions in relation to land 

cover mapping in the savannas of northern Australia. Its primary questions were what 

type of imageries, what spatial and spectral resolution combined with what image 

processing techniques were the best suited for mapping land cover types in the 

savannas of the region. It  also aimed to determine whether the characteristics of 

vegetation and landscape as it changes with the environmental gradient in the region 

could be mapped by remotely sensed data. In other words, whether spectral signatures 

developed from one area were similar and extendible to other areas in order to map 

larger and relatively less studied areas of the region. Finally, it sought to combine 

remote sensing and GIS technologies so that the broader sweep of the savanna 

landscape in the region could be mapped. 

The findings of the research showed that remote sensing combined with GIS tools 

could map the land cover types in the savannas of northern Australia with reasonably 

good classification accuracy. It was found that finer resolution imagery, particularly 

SPOT XS image performed better than the coarse resolution imageries such as the 

Landsat TM and MSS and that unsupervised classification techniques produced 

higher classification accuracy than the supervised methods. As for the signature 

extension over large area, it was found that, with some limitations, it was possible to 

extrapolate a set of spectral signatures beyond the small area where it was developed 

to map land cover characteristics of surrounding areas in the region. 
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In northern Australia, there is a need for land cover mapping in the savanna 

landscape. Land cover, i.e. the composition and characteristics of land surface 

elements, has been considered very important as this key environmental information 

is used in resource inventory and policy development at various scales (Townshend et 

al. 1991, Rasch 1994, Cihlar 2000). The importance of this information initiated 

detailed land cover mapping projects around the world. As tools, remote sensing and 

GIS technologies have been widely used for the last couple of decades for monitoring 

environmental change and to map land cover types in different parts of the world. 

However, one problem in relation to the applications of these tools in mapping 

savanna landscape in northern Australia was, as Hill ( 1995) pointed out, that there 

was as yet no agreed method for monitoring the status of the tropical savannas in this 

region. This concern was raised amidst the general lack of research work and 

published literature in connection with mapping and monitoring tropical savannas of 

the region by remotely sensed data. 

With these views and objectives in mind, study sites were selected at the Kidman 

Springs Research Station and at Mathison Pastoral Station in the Victoria River 

District (VRD) of the Northern Territory of Australia. These were selected because of 

their unique study opportunities and availability of ancillary data and supporting 

maps. The areas were set, generally in a semi-arid environment, with different types 

of soils in juxtaposition. The lands supported large plains, undulating hills and a 

variety of savanna vegetation in both the sites. 

The primary study site was at Kidman Springs. A number of varied resolution satellite 

and airborne imageries were tested in this semi-arid area within the North Australian 
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Tropical Transact (NATI). Imageries such as AIRSAR (radar), SPOT XS, 

SPOT4/SWIR, TM and MSS along with the composites of SPOT-AIRSAR and 

SPOT-TM were used. Various combinations of these imageries were tested with 

unsupervised, supervised and hybrid classification techniques. In the same study. 

MNF-transformed imageries of SPOT XS, TM and the composite of SPOT-TM image 

were also tested. Field visits were made to collect land cover information from the 

study site and were used to determine the accuracy of different classification 

procedures. These accuracy figures provided a means for comparing the efficacy of 

these classification procedures. 

To evaluate the classification procedures and techniques that provided the best 

classification results at the Kidman Springs study site in a different environment, a 

similar study was carried out at a similar but more densely vegetated and structurally 

more complex area. This study site at Mathison, situated near Katherine about 200 

kilometres to the north east of Kidman Springs, was set in a higher rainfall regime. 

However, at the Mathison study site, only SPOT XS, TM and MSS imageries were 

tested, using combinations of unsupervised, supervised and hybrid classification 

procedures. The MNF- transformed imageries and the composites of different image 

bands were not used because their performance at the Kidman Springs site were no 

better than optical imageries and were excluded. No radar image was available to 

cover this study site either. The Mathison study was conducted in order to evaluate the 

image classification techniques used at the Kidman Springs site and their general 

applicability in a broad regional context. 
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For the classifications in the present study, two classification-schemes (Forster and 

Laity 1972, Aldrick and Robinson 1972, McDonald et al. 1990) that provided a 

description of the map units in the two study areas were used. The Northern Territory 

Department of Lands, Planning and Environments used the legends in their land unit 

maps. In this study, the original map units were generalised on the basis of similarities 

between the units and wherever differences were minor, map units were merged into 

single units. Some of the map units were very similar and differed only in the pH 

values of the soil or in the ruggedness of surface, one example being the different 

varieties of clay soil supporting grass and shrubland in the Mathison site. These were 

generalised and merged into single units. Particularly, this generalisation was essential 

for mapping the wider areas of the region beyond the two study sites. 

At the Kidman Springs site in general, the classification of the savanna landscape 

using a set of varied resolution imageries produced good results. The major land units 

(those occupying > 10% of the study area) were mapped welL Classifications of the 

land cover types that were on the flat to gentle slopes were good, despite the generally 

low tree cover ( < 20%) of the savannas at Kidman Springs. There were some 

discrepancies at local levels though, probably because of the occurrence of small 

pockets of contrasting land cover types within the broader sweep of each of the land 

units. Pockets of grassland on clay soil occurring within broader expanses of 

woodland on limestone plain were the most common example of this. This type of 

diversity within land units must have produced mixed pixels, contributing to 

classification inaccuracy at local levels and were largely unavoidable. 
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Woodland on limestone plains and grassland on alluvial plains were the most 

common land cover types in the Kidman Springs region. These units along with other 

common land cover types were best differentiated by finer resolution SPOT XS image 

when classified with unsupervised classification procedure. However, the two most 

common units were markedly different in woody tree cover, and this is likely to have 

contributed to a difference in near-infrared reflectance from the two land types. 

Overall, the unsupervised classifications combined with finer resolution imageries 

were more accurate than supervised and hybrid classifications. 

A similar trend in image classification results was also observed in the Mathison area. 

A set of SPOT XS, TM and MSS imageries were classified in combination with 

unsupervised, supervised and hybrid classification procedures to classify savannas of 

that region. The study was conducted in order to establish the general applicability of 

the techniques and procedures that was established in the Kidman Springs area, to the 

wider region. 

The results of the study showed that, as in the Kidman Springs site, unsupervised 

classification procedure combined with fine resolution SPOT XS imagery produced 

more accurate classification results than the TM and MSS imageries. There were 

some misclassifications of land cover classes associated with woodland on undulating 

terrain, as was also observed at the Kidman Springs study site. This is, however, 

explained by the weU-known effects of topography on the spectral responses of land 

cover types (Hugli and Frei 1983, Colby 1991, Ahmad et al. 1992, Jak:ubauskas and 

Price 1997, Colby and Keating 1998, Kumar and Skidmore 2000). Woodland on 

limestone plains and slopes, riparian woodlands, shrubland on clay plains and 
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shadows were the best mapped land cover classes and accounted for more than 70% 

of the study area at Mathison. 

In both the study sites, incorporation of a digital elevation model (DEM) data in a GIS 

enhanced the digital image classification accuracy considerably. The study results 

provided with the confidence that the major land units in two different savanna sites 

in the region could be successfully identified and mapped by the method used in the 

study of combining high-resolution classified imagery and digital elevation model in a 

GIS. 

However, the overall accuracy of classification and mapping was lower at Mathison 

(by about 10%) than at the Kidman Springs site. Generally this has been the case with 

all the images and analysis techniques used, despite the Mathison site receiving a 

higher precipitation and having denser vegetation than the Kidman Springs site. 

Apparently, higher rainfall and a denser vegetation distribution have lesser effects on 

digital image classification results than the effects of the terrain complexity. The 

lower classification accuracy at the Mathison area is attributed to the more complex 

terrain and vegetation form and distribution pattern in the Mathison area compared 

with the Kidman Springs region. The heterogeneity of woody vegetation types at 

Mathison is greater than at the Kidman Springs area. For example, clay soils at 

Kidman Springs generally supported extensive grassland, whereas at Mathison, the 

clay plains supported grassland as well as a mixture of grassland and tall shrubs, 

causing potential misclassification with the woodlands of the region and thereby 

inducing a lower accuracy of classification. 
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Another phenomenon observed particularly in Kidman Springs was that SPOT XS 

image performed well while the TM, SPOT4/SWIR and SPOT-TM composite 

imageries have been relatively poor performers. One of the reasons for this appears to 

be the presence of the middle-infrared band in these imageries. Benson and DeGloria 

( 1985) and Moore and Bauer ( 1 990) observed that the middle-infrared bands 

performed well in forest environments, where canopy cover was relatively high, 

which was not the case in the Kidman Springs area. Wolter et al. ( 1 995) showed that 

the TM bands 3, 4, and 5 distinguished forests from non-forest areas, but failed to 

perform well in classifying various sparse woody vegetation, indicating that the 

middle-infrared band was more suited to dense woody vegetation classification. 

Kidman Springs, being savanna land with sparse tree cover, would probably not be 

suitable for mapping by the middle-infrared band. Further research is needed to 

establish a more valid relationship between sparse woody vegetation and this middle

infrared band. 

For the study of the spectral signature extrapolation, two sets of spectral signatures 

that were developed and tested in the Kidman Springs area were used. A procedure 

for extrapolating spectral signatures in mapping the dominant land cover classes of 

the region was evaluated. Spectral signatures were developed from SPOT XS and TM 

imageries respectively at the well-surveyed Kidman Springs (320-km2) area of the 

Victoria River District of northern Australia. These signature masks were applied to 

two slightly overlapping image sets covering >2500 km2 and >15000 km2 respectively 

of the study region. This was intended to evaluate the efficacy of the process in 

mapping the dominant land cover types, particularly in the less surveyed parts of the 

region. 
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The overall success of classification of the cormnon land cover types in the larger 

region by means of extrapolation of spectral signatures that were generated from a 

smaller area showed that mapping of vegetation and land cover as it changes with the 

environmental gradient was possible, but with some limitation. 

As has been discussed in Chapter 2, a classification scheme forms an essential part of 

the classification process by defining the boundaries of the land cover classes of a 

region. In northern Australia, however, such a broad scheme that encompasses the 

entire range of land cover classes of the region in terms of mappable units and their 

subdivisions is not available. Besides, the broad classification scheme of Anderson et 

al. (1976), described in Chapter 2, is not appropriate for classification of the savanna 

land in this region, for neither of his nine broad classes (Level I) does treat savannas 

as a separate entity. This is being complicated by the complexity of the terrain that 

varies from plain land to undulating country to steep hill slopes and juxtaposition of a 

variety of soil types in the region. The heterogeneity of vegetation cover and the 

complexity of the landform call for the development of a separate classification 

scheme for the savanna landscape of the region, which is beyond the scope of the 

present study. However, this is essential to realise the importance of having a suitable 

classification scheme for this region, particularly in the context of using remotely 

sensed imageries and spatial technologies as tools of mapping. This is because, as 

Loveland et al. ( 1999b) pointed out, the problems associated with large area land

cover classification are not necessarily methodological, but are associated with the 

relationship between multi-temporal spectral data, landscape characteristics, and land 

cover legend category definitions. Saatchi et al. (2000) recognised that the 

methodologies used in defining land cover types and identifying the parameters to be 
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monitored as potential sources of problems associated with land cover type mapping 

in regional scales. In this connection, Loveland et al. (2000) argued that the 

relationship between land cover class and temporal-spectral data is frequently 

ambiguous, and that the process of assigning land cover type labels to the spectral 

classes, whether done through a supervised or unsupervised process, is a significant 

source of classification error. Earlier, Gong and Howarth (1990) began this debate by 

recognising that the computer-based classifiers perform class assignments based only 

on the spectral signatures of specific pixels, and that they do not take into account the 

location or the spectral characteristics of the surrounding pixels. In this context, it has 

been suggested that, in order to make better use of computer assisted classification 

methods, one must select a classification scheme in which classes were defined by 

spectral characteristics rather than by human-defined spatial patterns (Gong and 

Howarth 1990, Palacio-Prieto and Luna-Gonzalez 1996, Martinez-Casasnovas 2000). 

Loveland et al. (1999b) also argued that a large land cover class (a human defined 

spatial pattern) into which different classes with different characteristics were 

integrated would cause an increase of within class variation (covariance), a potential 

cause of poor classification accuracy. 

The above discussion indicates that a classification scheme is essential, and for 

achieving a better classification result from spatial data, one must develop and follow 

a classification scheme in which the map units are largely based on the spectral 

characteristics of the land covers. This is because the conventional classifiers do not 

recognise spatial patterns in the same way that the human interpreter does and that the 

classifiers perform class assignments based only on the spectral signatures of specific 

pixels regardless of their locations (Gong and Howarth 1990). 
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In north Australia, however, the classification schemes available (Forster and Laity 

1972, Aldrick and Robinson 1972, McDonald et al. 1990) were developed for 

defining and mapping land units in the relatively small Victoria River District of the 

Northern Territory. This method of classification of the land units proposes definite 

map units, or units of information classes for mapping the land cover types of the 

region. In defining each "map unit", it takes into account the major vegetation 

constituents, soil type and slope of the terrain. Originally, this scheme was meant to 

be used for land cover classification by traditional methods, and the Northern 

Territory Department of Lands, Planning and Environment (DLPE) used this in land 

cover mapping of the Kidman Springs and Mathison regions. However, one problem 

with these classification schemes was that these lacked a hierarchical structure of 

classification, which was necessary (Avery and Berlin 1985, Congalton 1991) for 

being used successfully by spectral data. That is, no categories within this 

classification scheme could be split into simpler fonns of map units, although it was 

observed during the multiple field visits to the study sites that the map units 

themselves were heterogeneous in their constituents. Another disadvantage of the 

system, as described earlier, was that two altogether different system of legends had 

been used for describing the land units of the two areas of interest, i.e., Kidman 

Springs and Mathison, giving rise to two different descriptions for the land units of 

the two areas. The heterogeneity accounted for differences in vegetation types, canopy 

cover density, pockets of different soil types etc. 

Since all image classifications of this study were perfonned in accordance with these 

two classification schemes, the heterogeneity of these map units affected the 

classification process and the end results considerably. Smits et al. (1999) also 
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recognised the lack of neatly spaced, homogeneous land parcels (heterogeneous map 

units) as the reason of corruption of the class signatures, and suggested that using 

carefully defined classes in a classification scheme could reduce these errors. The 

heterogeneous map units of the classification scheme used in the present study 

obviously accounted for the overall lower classification accuracy in the region. In 

other words, if a classification scheme based solely on the spectral characteristics of 

the cover types rather than on spatial pattern of the land units were used, a much 

improved classification result would be expected. This statement is even more 

appropriate to classification of larger region by spectral signature extrapolation, where 

the physical change in land cover types were more pronounced with distance and 

affected the spectral characteristics more severely than in local area classifications. 

According to Leprieur et al. (2000), such a scheme, based on the spectral 

characteristics, would segregate image spectral data into groups that can be associated 

with physiognomic, structural and phenological vegetation classes. 

The reason why this has not been done in this study is that this is a matter of 

management decision to develop and use a unanimously agreed classification scheme 

based on the spectral characteristics for all land cover mapping in north Australian 

landscapes. Another reason is that the development of such a classification scheme is 

in itself a huge task and is beyond the scope of the present study. At present, the NT 

DLPE uses the above mentioned classification scheme based on spatial patterns of 

landscape in all its land cover mapping process. It is strongly recommended that a 

study be undertaken so that a new classification scheme can be made available to all 

concerned for mapping and monitoring the whole of north Australian savanna 

landscape. 

207 



Two other points highlighted in the study were the superiority of the unsupervised 

classification process and those of the finer resolution image data in differentiating the 

common land cover types of the region over other classification techniques and data. 

Supervised classification assumes that the representative locations of the land cover 

classes/surface conditions are accurately known so that they can be used to establish a 

pattern through which other similar locations can be found. This classification 

provides a statistical description of land cover types based on a class structure and 

training data. The classification begins with the definition of information classes (by 

signature training), followed by the assignment of these classes to image-pixels. In 

this process, any unknown land cover class, or unknown parts of a land cover class 

with considerable spectral variation may remain left out from the classification 

process. At the same time, it is very difficult to obtain good classification results by 

training signatures in heterogeneous land cover types because, for many reasons, it is 

not always possible to take into account all the variability within a land cover class 

during training. 

In unsupervised classification, in contrast, no prior information about the land cover 

types or their distribution is required. This classification attempts to identify the 

natural groupings of spectrally pure clusters in the data for the labeling step and gives 

the opportunity to the analyst to group similar clusters into a number of land cover 

classes. Images are digitally classified into a number of spectral classes, without prior 

knowledge of what those classes are. Later, the analyst assigns information labels to 

the spectral clusters by means of ground information, obtained in the locations 

indicated by the resulting clusters (Cihlar et al. 1998, Belward et a/. 1999, Cihlar 

2000, Loveland et al. 2000, Martinez-Casasnovas 2000). Loveland et al. (2000) noted 
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that the spectral regions defined using an unsupervised strategy can be treated as 

classic geographic regions having patterns more similar within than outside their 

boundaries, and can serve as models of local landscape diversity. Obviously, these 

small geographic regions are uniform in spectral characteristics. When a large number 

(typically 100-400 classes; Cihlar 2000, Vogelmann et al. 1998) of spectral classes 

are used in the classification process, the spectral signatures pick up signals from 

small pieces of homogeneous surface within the land cover types (or map units). In 

the amalgamation process, the analyst combines these spectral clusters to shape up the 

final form of the cover types according to the classification scheme and ancillary 

information. Obviously, more of the variance and heterogeneity within the cover types 

are mapped in this process than in supervised classification. This explains why the 

unsupervised classification process can map more of the variance and heterogeneity 

than the supervised process, and explains the superior performance of the 

unsupervised process of classification in the heterogeneous study area. 

This also explains why classification would be less problematic if the map units were 

made up of spectrally homogeneous units rather than spectrally heterogeneous, 

human-defined units. In the fonner case, the analyst would amalgamate spectrally 

similar clusters into similar map units, whereas in the latter case, the analyst would 

have to try to amalgamate spectrally dissimilar clusters into similar map units. This is 

because these human-defined map units would consist of small spectral clusters with 

diverse spectral characteristics because of the heterogeneous nature of the map units 

themselves. 
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The foregoing discussion gives an account of the functionality of the basic supervised 

and unsupervised classification procedures. It is apparent from the discussion that a 

heterogeneous landscape such as the study site is not at all suitable for supervised 

classification, especially when a classification scheme uses map units of 

heterogeneous nature. Many of the map units of the region consist of variable 

vegetation cover, variable canopy, and a variable surface slope, which are bound to 

produce variable spectral response from a single map unit (land cover type), and 

would be expected to be better mapped by unsupervised process rather than by 

supervised process. 

The reason for the superior performance of the finer resolution imageries over the 

coarse resolution ones in the region is also attributable to the distribution pattern of 

the savanna vegetation itself. Each of the major map units had heterogeneous 

composition of woody vegetation with varying density and high variance. This 

heterogeneity in vegetation distribution within the units to be mapped produced 

increased spectral variance that represented several spectral classes within each map 

unit. Each spectral class within the map units represents smaller and relatively more 

homogeneous areas. The smaller pixels of the finer spatial resolution imageries picked 

up reflectance from these smaller and more homogeneous ground areas than the larger 

pixels of the coarse resolution imageries that picked up more of the heterogeneity. 

Obviously, the finer resolution imageries could map more of these smaUer 

homogeneous areas than the larger pixels of coarse resolution imageries did. Thus the 

smaller pixels mapped more of the variability within the map units and depicted more 

of the real world than the coarse resolution imageries could. 
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7.2 Conclusion 

The study of the literature in relation to land cover mapping shows that there is no 

unique methodology that can solve all mapping problems and produce land cover 

maps without ambiguity. On the contrary, it indicates that the data need and the 

selection of a methodology for a particular study is case specific. The land cover types 

of a region to be mapped, their distribution and characteristics, the associated 

landfonns and the extent of the study area, all these contribute in the selection of the 

data and the methodology to be followed. The general rule, however, is that the 

supervised classification method is well-suited for known areas with homogeneous 

distribution of the cover types that are to be mapped and a coarse resolution imagery 

may be used without much problem. On the other hand, relatively less known areas 

with heterogeneous distribution of the cover types should be mapped with 

unsupervised classification algorithms, preferably with finer resolution imagery. 

The findings of the present research study also indicates that unsupervised 

classification algorithms in combination with finer resolution imagery works well in 

the north Australian landscapes where the distribution of the cover types in the 

savannas is heterogeneous. However, the methodology used in the study for large area 

mapping, i.e. using an ISODAT A algorithm with an input of a set of spectral 

signatures collected from as many representative cover classes as possible is highly 

recommended for land cover classification in the region. As explained in Chapter 6, 

the procedure will classify not only the cover classes representative of the spectral 

signatures but also map those cover classes that are spectrally similar to the 
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signatures. This way, the classification process takes into consideration the spectral 

variability present between similar cover types in the heterogeneous region. 

The lack of an appropriate classification scheme is believed to have contributed to the 

relatively low classification accuracy that was achieved in land cover mapping of the 

region. For this region, a classification scheme is required that is compatible with the 

satellite remote sensing system, i.e. a scheme that is based on the spectral 

characteristics of the cover types that are readily readable by the satellite sensors. As 

such, it is strongly recommended that a classification scheme, based on the spectral 

characteristics of the land covers types, be produced on a priority basis that can be 

used in all digital image classifications of the region. 

Cihlar et al. ( 1998) identified the major drawbacks of a classification approach for 

land cover mapping by remotely sensed data. These were lack of prior knowledge of 

the number of distinct spectral clusters, prior knowledge of the approximate spatial 

distribution and the spectral variability of the land cover classes of interest, 

knowledge of the statistical properties of spectral clusters and their distribution in the 

multi-dimensional spectral space and the prior specification of parameters controlling 

the classification process. Although it was argued that most of these was either not 

known exactly or very difficult to know in practice, in real sense these all ultimately 

lead to the problems of a classification scheme. With this view, it seems appropriate 

to design a classification scheme using as much of the spectral information from the 

landscape to be mapped as possible. 
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The present study has indicated that in all future land cover mapping and monitoring 

in this region, an appropriate classification scheme should be used in a classification 

procedure that will combine unsupervised classification methods with finer resolution 

imagery. The use of such a scheme will reduce the signature extension problem 

considerably, and will substantially improve the classification accuracy for the land 

cover types of the region. However, for large regional mapping, use of finer resolution 

imagery such as SPOT XS image may pose a problem of very large data volume, 

longer computing time and a high cost for the imagery. Even in such cases, imagery 

with coarser spatial resolution than the TM image should be avoided, as that will only 

deliver unacceptably poor mapping results. 
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Table I :  Value� at different percentJit:.., from c l \ crbppmg zone of MSS I 05/69 .md 
MSS OS/70 . I 
Image I ) 1 0  2() �() �() so 6 0  70 RO Q() 9) ()9 

o/r (lk 17t 'fi r;l, ',4 r;, (lr 1f r· ( r,; r· ( r· ( 
Band4- l l  13 �4 36 36 '}.7 � �  .N �() � I  � �  �� .p 
J OS/69 
Band4- 3 1  34 35 36 '}.7 JX 3� .�9 �() � I  �2 �� .n 
1 05170 
BandS- 2 1  25 2 7  29 3 1  12 :n JS .16 :,g -t l -tJ -t9 
1 05/69 
BandS- 2 1  25 27  29  l l  .12 :n 35 36 .'�8 -t l -t-t -t9 
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1 05/69 
Band6- 63 68 72 74 76 78 79 8 1 83 X5 88 92 1 0 0  
1 05170 
Band7- 55 63 64 67 68 70 7 1  72 73  75 7X xu XX 
1 05/69 
Band7- 55 63 65 67 69 70 72 7 3  74 76 78 H I  HX 
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Table 2: Values at different percentiles from overlapping zone of MSS 1 05170 and 
MSS 1 0SI71 . 1m 
Image I 5 10 20 30 40 50 60 70 80 90 95 99 

% (fn % % % o/r % O,k % %· % % OK 
Band4- 33 35 36 37 38 39 40 4 1  42 43 45 46 50 

1 05170 

Band4- 33 35 36 37 38 39 40 4 1  42 44 45 46 5 1  

105171 

BandS- 26 29 3 1  3 2  34 35 37 38 40 42 45 49 57 
1 05170 

BandS- 26 29 30 32 33 35 36 38 40 42 45 48 56 
105171 

Band6- 58 6 1  63 67 70 72 75 77 80 83 87 9 1  98 

1 05170 

Band6- 5 8  6 1 63 66 70 72 75 77 80 83 87 90 97 
10517 1 

Band7- 49 52 55 57 60 62 64 66 68 70 73 75 80 

1 05170 

Band7- 49 52 55 57 60 62 64 66 68 70 73 75 80 
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Table 3: Values at different percentiles from overlapping zone of MSS 1 0517 1 and 
MSS 1 05/72 . 
Image I 5 1 0  20 30 40 50 60 70 80 90 95 99 

% % % % '* '* � � % � � � llc 

Band4- 34 36 38 40 4 1  42 43 44 45 46 49 52 57 
105/71 
Band4- 33 36 38 40 4 1  42 43 44 44 46 48 5 1  57 
105/72 
Band5- 27 32 35 38 40 4 1  43 45 47 50 55 6 1  76 
105/71 
BandS- 27 32 35 38 40 42 43 45 47 50 5 5  6 1  75 
105/72 
Band6- 53 59 63 67 70 73 76 78 82 87 93 1 0 1  1 1 3  
105171 
Band6- 52 59 63 67 70 73 75 78 8 1  86 93 1 00  1 1 2  
105172 
Band7- 43 49 53 56 58 60 62 64 66 70 75 79 88 
10517 1 
Band7- 43 49 52 56 58 60 62 64 66 70 74 79 88 
1 05172 
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Table I :  Values at different percentiles from overlapping zone of TM 1 05/69 and 1 05170 

Image I 5 1 0  20 30 40 50 70 80 90 95 99 
% % % % % % % % % % o/o o/o o/o 

Band t - 60 62 63 64 64 65 65 66 66 67 68 69 72 
1 05/69 
Band 1 - 6 1  62 63 64 64 65 65 66 66 67 68 70 72 
105170 
Band2- 23 24 25 25 26 26 27 27 28 2 8  29 30 33 
105/69 
Band2- 23 24 25 25 26 26 27 27 28 28 29 30 33 
105170 
Band3- 22 25 26 28 29 30 3 1  32 33 34 36 39 44 
1 05/69 
Band3- 22 25 26 28 29 30 3 1  32 33 34 36 39 44 
1 05170 
Band-t- 44 48 49 5 1  52 54 55 56 57 59 62 64 70 
105/69 
Band4- 43 48 49 5 1  52 54 55 56 57 59 62 64 70 
1 05170 
BandS- 53 58 6 1  64 66 69 7 1  75 77 8 1  87 92 lOO 
1 05/69 
BandS- 53 58 60 64 66 68 7 1  74 77 82 87 92 l 0 1  
1 05170 
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Table 2: Values at different percentiles from overlapping zone of TM I 05170 and I 0517 1 

Image 1 %  5% 1 0  20 30 40 50 60 70 80 90 95 99 
� (/( � (/( (/( o/r CJr fk Iff � 0'r 

Band 1 - 6 1  64 65 66 68 69 70 70 7 1  72 7l 77 

1 05/70 

Band ! - 6 1  64 65 66 68 69 70 70 7 1  72 73 75 77 

I 05/7 1 

Band2- 25 27 28 29 30 30 3 1  32 .12 33 .14 35 38 
1 05170 

Band2- 25 27 28 29 30 30 3 1  32 32 33 34 35 38 
I 0517 1 

Band3- 2 7  3 1  33 36 38 40 4 1  42 44 45 46 49 54 

105170 

Band3- 27  3 1  33 36 38 40 4 1  42 44 45 46 49 54 

10517 1 

Band4- 42 46 49 5 1  53 55 56 57 59 60 63 65 70 

105170 

Band4- 42 46 49 5 1  53 55 56 57 59 60 63 65 70 

105/71 

BandS- 59 69 73 77 8 1  83 86 88 9 1  94 98 1 02 I I J 

105170 

BandS- 59 69 73 77 8 1  83 86 88 9 1  94 9g 1 02 I I J 

10517 1 
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Table 3: Values at different percentiles from overlapping zone of TM 1 0517 I and I 05172 

Image 1 %  5% 10 20 30 40 50 60 70 80 90 95 99 
t;f Cl( o/c t;f rk 7r r;t,. 'h 7r 7r fi( 

Band 1 - 60 63 65 67 68 69 70 7 1  T2 n 74 75 79 

1 0517 1 

Band ! - 60 63 65 67 68 69 70 7 1  72 D 74 75 78 
105172 

Band2- 24 27 28 29 30 3 1  3 1  32 3 3  33 34 35 38 

1 0517 1 

Band2- 24 27 28 29 30 3 1  .3 1  32 33 .33 34 35 38 

1 05172 

Band3- 25 30 32 36 37 40 4 1  42 43 45 46 49 56 

10517 1 

Band3- 25 30 32 36 37 40 4 1  42 43 45 46 49 56 

1 05172 

Band4- 40 45 47 50 52 54 56 57 59 6 1  64 67 73 

1 05/7 1 

Band4- 40 45 47 50 52 54 56 57 59 6 1  64 67 72 

105/72 

BandS- 46 60 64 69 72 75 76 78 80 83 86 89 96 
1 0517 1 

BandS- 46 59 64 69 72 75 76 78 80 82 86 88 96 
1 05172 
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5. Landsat MSS image after unsupervised classification and GIS analysis, Kidman Springs study area 
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9. Landsat MSS image after hybrid classification and GIS analysis, Kidman Springs study area 
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3.  Landsat MSS image after supervised classification and GIS analysis, Mathison study area 
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4. Landsat TM image after unsupervised classification and GIS analysis, Mathison study area 
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7. Landsat TM image after hybrid classification and GJS analysis, Mathison study area 
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8. Landsat MSS image after hybrid classification and GIS analysis. Mathison study area 
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I. SPOT XS image after classification by spectral signature extrapolation and GIS analysis, Mathison study area 
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