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(ABSTRACT) 

SPOT multispectral imagery and ground truth data are evaluated to develop 

agricultural land use typologies for a landscape near Rolim de Moura, Rondonia, 

Brazil. Manual classification and unsupervised classification using cluster analysis are 

used to evaluate informational classes within multispectral data. Classification 

typologies are evaluated using linear discriminant analysis. Unsupervised clustering 

of image samples is more effective in producing spectrally distinct informational 

classes than are supervised methods that classify field types according to locally 

defined informational labels alone. This method is successful in spectrally separating 

pasture classes from primary forest classes and an informational class that includes a 

mixture of productive and fallow agricultural fields. Vegetative continua, as 

evaluated by spectral means, exist in the landscape making spectral discrimination 

between important vegetative types difficult.
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CHAPTER ONE 

INTRODUCTION 

This study focuses upon classification of remotely sensed data into land use 

classes. Multispectral data from SPOT satellite imagery can be grouped into spectral 

classes, then matched to field-based land use classes (known as informational classes). 

The closer that the spectral classes coincide with informational classes, the better the 

classification results. Sometimes, limitations are experienced that inhibit accurate 

matching of satellite data to informational classes. When these limitations occur, 

alternative approaches to evaluation are pursued. 

This study attempts to answer two main questions: (1) Can SPOT multispectral 

data effectively distinguish between land cover features in a colonized region of 

Rondonia, Brazil? And (2) can the use of cluster analysis improve upon spectral 

arrangement of satellite data into land use classes? 

The data used in this research (Browder and Campbell 1992) comes from two 

sources: (1) observations collected in the field, and (2) a 1992 SPOT multispectral 

image. Field sources include 35mm photographs, 8mm video footage, hand drawn 

field maps, and field notes where available. The study site is located near Rolim de 

Moura, Rondonia, Brazil, an agricultural settlement that is experiencing notable land 

use change. 

Chapter Two introduces the Rolim de Moura study site and land use issues



that influence satellite remote sensing analysis. Chapter Three describes both 

ancillary data sources and satellite imagery. The fourth and fifth chapters deal 

respectively with the two classification methods -- Chapter Four with the manual 

classification methodology and results; and Chapter Five with the cluster analysis 

classification and results. The final chapter highlights key findings, and recommends 

topics for further study. 

RESEARCH CONTEXT 

This study stems from the larger research efforts of Dr. John Browder and Dr. 

James Campbell (Virginia Polytechnic Institute and State University, Blacksburg, VA. 

24060). Dr. Browder’s research efforts in Brazil, beginning in the late 1970s, have 

provided extensive expertise and data pertaining to Amazonian regional development 

(Browder 1988, 1989a, 1989b, 1990a, 1992a, 1992b, Browder and Godfrey 1990). 

Dr. Campbell’s research has focused on the application of remote sensing information 

to the natural sciences and to the spatial representation of land use information 

(Campbell 1981, 1983, 1987, Campbell et al 1984). 

Many organizations have provided financial support necessary for the 

collection and analysis of research data throughout the history of this larger research 

project. The National Science Foundation, the U.S. National Aeronautics and Space 

Administration, the U.S. Agency for International Development (through a SARSA 

co-operative agreement administered through Virginia Polytechnic Institute and State



University’s Office of International Development and Research), and the Hienz 

Charitable Trust have provided financial support for Dr. Browder and Dr. Campbell’s 

research efforts from which this research paper stems. Additional monies have been 

provided by the Department of Urban Affairs and Planning, and the Department of 

Geography at Virginia Polytechnic Institute and State University, Blacksburg, 

Virginia. 

Browder and Campbell’s cooperative research efforts have focused on the 

combined application of satellite remote sensing and field data to the identification and 

inventory of agricultural land use patterns within colonized areas of the Brazilian 

Amazon (Campbell and Browder 1992, 1993a, 1993b). This thesis attempts to focus 

on one small area of Browder and Campbell’s larger research project -- the use of 

satellite data to identify agricultural land use. All field data used herein were 

collected by Dr. Browder and field research teams during June and July of 1992 in 

Rondonia, Brazil. SPOT satellite imagery is made available through research grants 

awarded to Dr. Browder and Dr. Campbell. The data used in this thesis are a subset 

of their extensive data set.



CHAPTER TWO 

REGIONAL SETTING 

INTRODUCTION 

Colonization of the Brazilian Amazon has created dramatic changes in land 

use, most notably losses of tropical forests. Control of such changes depends upon 

understanding relationships between land use patterns and social and economic 

processes operating within the region. Study of a colonized area in Rondonia, Brazil 

offers information about the process of land use change in the midst of colonization, 

agricultural, and economic activities. 

This study examines the landscape near Rolim de Moura, an agricultural 

settlement located in the southeastern portion of the Brazilian state of Rondonia 

(Figure 1). Rolim de Moura was established in 1977 as part of a wider settlement 

scheme undertaken by the Brazilian government. Rolim de Moura’s rapid growth 

since the late 1970s provided the catalyst for land use change. Rolim de Moura’s 

current population of 30,000 contrasts dramatically with its 1978 population of 200 

(Campbell and Browder 1993a, 1993b). 

The study area, located at approximately South 11 degrees latitude, West 62 

degrees longitude, receives 1800 to 2000 mm of rainfall annually (Campbell and 

Browder 1992). This area experiences a dry season beginning in April or May, 

extending to late July or early August, with an average annual temperature of 28
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Figure 1. Rolim de Moura, Rondonia, Brazil. From Campbell and Browder 1993.



degrees C (82 degrees F). Topographic relief is relatively low, with a dense dendritic 

drainage pattern. The area’s forests, which were once continuous, are transitional 

forests called floresta aberta, or fina (Browder 1988). 

Field data comes from two sites near Rolim de Moura; one west north-west of 

.the town, and the other west south-west of town. The northern site consists of 31 

lots, each .5 by 2 km in size, encompassing an area of 31 km’. The southern site 

consists of 24 .5 by 2 km sites, 24 km? in area. 

LAND USE 

Forested land held by settlers is cleared for agriculture and for speculation. 

Typical agricultural land uses include coffee; annual crops such as maize, beans, 

sometimes sugarcane, manioc, or fruit trees (Campbell and Browder 1992). A major 

portion of cleared land is intended for cattle production, with vast expanses of pasture 

found in various stages of maintenance amidst other land uses. Another widespread 

land use, bush fallow (known locally as capoeira), is a broadly defined land use 

composed of fallow fields, overgrown pasture, and other successional stages 

culminating in secondary forest (Brown and Lugo 1990, Campbell and Browder 

1993b). 

The colonized land has been surveyed in a distinct cadastral pattern. Parcels 

are .5 kilometers in length (along the road), and extend (perpendicular to the road) a 

distance of 2 kilometers (Figure 2).
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Colonists typically convert forested land to agricultural land starting at the 

narrow edge nearest the road then progress to the interior (Campbell and Browder 

1992). This produces a distinctive “herring-bone" pattern, in which strips of interior 

forested land from adjoining east-west lots remains intact, while land along roads is 

converted to non-forest uses (Figure 3). On occasion, clearing occurs in the interior 

of parcels behind a barrier of forested land (Campbell and Browder 1992). 

Dwellings are typically located along main roads, often surrounded by pasture 

and a combination of subsistence crops and fruit-bearing trees. Pomars (small 

groupings of planted fruit trees) are most often located near dwellings. These stands 

of trees are most often surrounded by cleared land, and are thus distinct and create a 

contrast with surrounding land uses (Figure 4). Pomars are easily identified in high 

spatial resolution panchromatic imagery when field notes can be used in the 

interpretation process. Difficulty exists at this stage in identifying pomars using 

satellite imagery alone because no consistent standard has been developed to ensure 

accurate identification. These relatively small patches of land use are very difficult to 

identify using multispectral imagery due to the coarse resolution of the sensor relative 

to the sizes of the orchards. In SPOT multispectral imagery, a pomar is often 

represented as a single mixed pixel, making identification almost impossible without 

the aid of field data. 

Pasture, coffee, overgrown and bush fallow (capoeira), forest regrowth areas, 

and primary forest are found in varying proportions, with primary forest usually
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occupying the largest areas of most lots. Landowners are required by law to maintain 

at least 50 percent of their land in primary forest (Browder 1988), although satellite 

imagery reveals that this law is not always adhered to. 

Annual crops present some interpretation difficulties. Annual crops are not 

always distinct units of the landscape, and crop types vary by location and even 

within lots. Using the label annual crop can be deceiving because it can refer to 

anything from sugar cane to a freshly planted field of melons. Sizes of these fields is 

also a problem. Some fields are quite small and don’t lend themselves to accurate 

field survey, while others are large but contain several crops making labeling and 

identification difficult. 

Perennial crops include fruit trees, and coffee in varying stages of 

development. These crops are sometimes intercropped, sometimes planted 

monoculturally (Browder, unpublished data). Coffee is usually planted alone, but is 

sometimes invaded by quick growing weeds. Some older coffee fields may contain 

large proportions of non-productive vegetation (Browder, unpublished data). 

Although coffee fields are often very distinct, newly planted fields and very 

old fields are easily confused (when evaluated using spectral information) with other 

land uses. Young coffee trees are often planted amongst recently cleared and burned 

vegetation, are widely spaced, and have sparse foliage so they may not form a 

distinctive vegetative formation as viewed by satellite imagery (Browder, unpublished 

data). The amount of cleared debris varies by location within the site, but the result 
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is a difficulty in distinguishing between very young coffee and other landscape 

features using satellite imagery (Browder, unpublished data). Older coffee fields 

often appear similar to fallow vegetation in satellite imagery, especially when weeds 

have invaded a coffee field. Many older (4-6 years), well-maintained coffee fields 

form spectrally distinct parcels easily identified in satellite images with the help of 

field data. 

LAND USE CHANGE 

Three land use processes occur in Rolim de Moura that are transforming the 

landscape: the fragmentation and consolidation of landholdings; the conversion of 

forest to pasture for agricultural and speculation purposes; and forest regeneration 

(Campbell and Browder 1993a). 

Land fragmentation occurs when a landowner sells a portion of their lot, 

creating two lots of roughly half the original 100 hectare size. This process divides 

the larger land lots into smaller parcels that are often used more intensively, creating 

shorter fallow periods that can lead to depletion of soil nutrients. Additionally, when 

newly acquired land has more than 50 percent of its area in forest, this forest can be 

reduced, in the name of improvements, until forest occupies less than 50 percent of 

the owned land. Consolidation of landholdings occurs when landowners who already 

own land buy adjacent land to increase their total land holdings (Browder 1988). 

In the northern Rolim study site, five 100 hectare lots have been fragmented, 
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and two consolidated (Figure 5; Table 2.1). Of the eleven smaller lots produced by 

these processes, all are at least 50 percent forested. One of the eleven smaller lots 

has a portion of the forested 50 percent in regrowth, which if considered non-forest, 

would probably bring that lot’s total below 50 percent. 

Table 2.1 Fragmented and consolidated land lots for Rolim South and North’ study 
sites. 

  

  

# of 100 ha lots... Fragmented Consolidated Total with less 

than 50% forest 

remaining 

Study site 

North Rolim 5 2 13 
(31 total lots) 
  

South Rolim 0 0 7 

(24 total lots)             

Forested access within thirteen of the twenty-six full sized lots (.5 by 2km) have been 

reduced by more than 50 percent, including the consolidated lot. One lot has had 

approximately ninety percent of its forest cleared, with the remaining cleared land in 

pasture in different stages of development. This landowner declined an interview by 

field surveyors, so no field data could be collected (Browder, unpublished data). 

None of the southern study site’s lots have been fragmented through land sales, but 

seven have had more than 50 percent of their forests cleared. 

Forest conversion to pasture is a serious land use issue (Fearnside 1990). 
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Brazil. Adapted from: James B. Campbell, 1994. 
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Browder identifies cattle ranching as the "...most important contributor to forest 

conversion" in the Brazilian Amazon (1988, p.251). Land speculation also 

contributes to forest clearing (Browder 1988, Fearnside 1990). A land parcel is 

valued more if it has been ’improved’ by clearing forests. In situations where land 

titling is a problem, colonists may lay claim to parcels through ’improvement’. 

Satellite imagery cannot determine individual causes of forest conversion, but the 

results can be catalogued, nonetheless. 

Forest regeneration occurs as natural succession within fallow or abandoned 

clearings. Pasture, capoeira, and other land uses give way to regeneration of 

secondary forests (Brown and Lugo 1990, Campbell and Browder 1992). The exact 

causes for individual cases of regeneration are difficult to identify with certainty, but 

include declines in soil fertility, and loss of labor and/or capital needed to maintain 

pasture or agricultural plots (Browder 1992a). 

In some sites, after a period of about eight years, secondary growth, as 

observed on SPOT multispectral imagery, becomes almost indistinguishable from the 

primary forest parcels (Campbell and Browder 1992, Brown and Lugo 1990). This 

suggests that some areas that appear to be primary forest in satellite images could be a 

mixture of primary and secondary forests, and that those parcels that are easily 

identified as regrowth areas are most likely younger than eight years of age. Most 

lots in both study sites have some extent of forest regrowth, typically ocurring in 

small parcels adjacent to regions of primary forest. 
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CHAPTER THREE 

REMOTE SENSING AND DATA SOURCES 

THE SPOT SATELLITE 

This study analyzes data acquired by the SPOT remote sensing satellite. The 

French Centre National d’Etudes Spatiales (CNES), owns and operates the SPOT 

satellite platforms, which have been placed in sun-synchronous orbits about 832 km 

above earth, providing both multispectral and panchromatic imagery. A major benefit 

to using SPOT imagery is its high spatial resolution and its frequent "revisit" 

capabilities. 

The SPOT bus has two HRV (high resolution visible) sensors, both capable of 

operating either in multispectral (XS) mode or panchromatic (PN) mode (SPOT Image 

Corporation 1987). The HRVs utilize “push broom" scanning in image acquisition, a 

technology that uses no moving parts, providing high quality data. The HRV acquires 

3000 pixels per line while in XS mode, and 6000 pixels while operating in 

panchromatic mode. While viewing at nadir, the width of the ground swath is 60 km, 

providing ground coverage for a standard SPOT scene 60 km by 60 km. In “off 

nadir" observation, a ground swath can extend to 80 km width. The HRV’s viewing 

angle can be adjusted 27 degrees in either direction, enabling acquisition of imagery 

up to 425 km to either side of its nadir position. On the average, revisits can occur 
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every 2.5 days assuming cloud free conditions exist, although particulars depend on 

latitude of the site. 

The HRV’s spatial resolution is greater than any previously launched civilian 

satellite. In panchromatic mode, spatial resolution is 10 m; 20 m in multispectral 

(XS) mode. With the appropriate image processing technology, XS and panchromatic 

imagery can be superimposed to utilize the greater spatial resolution of the 

panchromatic imagery and the greater spectral resolution in XS mode. The 

panchromatic image has a spectral range from 0.51 micrometers (green) to 0.73 

micrometers (red). In XS mode, the SPOT bus acquires in three bands: (1) green 

(0.50 - 0.59 micrometers); (2) red (0.61 - 0.68 micrometers); and (3) near infrared 

(0.79 - 0.89 micrometers) (SPOT Image Corporation 1987). 

IMAGE DATA 

The SPOT satellite imagery used in this study was acquired on 8 July 1992; it 

is of good quality, free of cloud cover, and without defects. Image rectification was 

accomplished using ERDAS’s bilinear interpolation algorithm, resulting in a root 

mean square error of less than one pixel. With this level of error, the locational 

integrity of image pixels are maintained (Jensen 1986). Ground control points were 

collected using the numerous road intersections visible on the image, and on cadastral 

maps of the same region (Campbell and Browder 1993b). These twelve ground 

control points were well distributed around the image area and provide minimal 
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locational distortion throughout the scene. 

PANCHROMATIC DATA 

Although digital analysis did not use the SPOT panchromatic data, they were 

useful for interpretation of field boundaries. Survey field maps were gathered with 

general location and field size as primary concerns. Panchromatic images 

complemented field maps and enhanced understanding of true field morphology for 

individual fields. 

In cases where field data weren’t available, panchromatic imagery aided 

identification of distinct landscape features such as stream courses through interior 

portions of lots. The ability to show contrast within field types aided interpretation, 

but sometimes led to confusion when spectral variation represented in panchromatic 

imagery did not coincide with field data. 

MULTISPECTRAL DATA 

SPOT HRV XS multispectral data for our site was available for three different 

years. Only 1992 data were directly used in this project, but the uniqueness of having 

access to three virtually cloud free images spanning a period of six years is 

significant. The other scenes provided a context for interpretation of the 1992 data, 

and provided the basis for understanding those areas that had experienced regrowth 

during the period 1986-1992. 
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The larger multispectral image was subset in ERDAS (Figures 6 and 7). 

Different subsets were created for the north and south study sites: the north subset 

image is 176 pixels in the horizontal direction and 349 pixels in the vertical, 

approximately 3.5 km by 7 km. The southern scene is 187 pixels in the horizontal 

(3.7 km), and 198 pixels in the horizontal (3.96 km). These subsets were used 

throughout the analysis described in subsequent setions. 

FIELD DATA 

Field data used in this study were collected in June and July of 1992 by Dr. 

John Browder and 14 Brazilian research assistants. Field data consists of 

tenant/landowner interviews, 35mm photographs, 8mm video footage, field maps, and 

cadastral maps of the study area. These data sources were used together in a manual 

interpretation process that resulted in the field typology outlined in chapter four. Of 

particular interest to social scientists were field interviews. 

Field interview data consist mainly of economic, social, and agricultural 

information. Questions were intended to determine the economic status of land 

owners, tenants, and other persons ‘on the land’ at the time of the interview 

(Campbell and Browder 1993b). Population demographic data, crop yields, crop 

ages, and other data were also gathered. 

Included in the field interview information were sketches of the lot where the 

interview took place. These field maps were used to identify locations of fields 
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Figure 6. SPOT multispectral image of North study site. Copyright 1992, SPOT 
Image Corporation. 
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Figure 7. SPOT multispectral image of South study site. Copyright 1992, SPOT 
Image Corporation. 
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within lots, and also to locate individual lot boundaries within the study area. Field 

map information was compared to photographic reproductions of satellite images in 

identifying individual fields. Lot boundaries and most field boundaries were located 

with the sole use of field maps in conjunction with images. 

When direct observation of fields within lots was not possible, interviewers 

made notes according to the tenant’s verbal descriptions. In these instances the 

rudimentary nature of the sketches meant that relative locations of some fields were 

not always accurate. The morphology of field outlines wasn’t maintained faithfully in 

some cases. These two difficulties often resulted in confusion during manual 

interpretation sessions. 

Field maps were labeled by field surveyors during interviews. Field labels 

were used in manual interpretation sessions to help identify agricultural field types. 

Labels were checked against lists of known fields within the survey data and against 

video survey maps made during a separate field session. This process of double 

checking helped interpreters to understand the certainty with which some fields were 

known. Where discrepancies existed between data sources, field photographs and 

videos were consulted to help clarify the interpretation. 

FIELD PHOTOGRAPHS 

Fields where photographs, and/or videos were available were considered more 

reliably identified and were more likely to be considered for inclusion in the final 
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sample set (Campbell and Browder 1993b). 

Field teams took 35mm photographs of selected fields within survey sites. 

These photographs show vegetative composition of fields and proved very useful in 

interpretation. Most photographs were taken with a normal focal length (SOmm) lens; 

others were made using wide angle and telephoto lenses. All photographs were 

recorded in a log listing location by lot number, date and time, cardinal direction that 

camera was pointing, and a description of photograph content. 

Most photographs were taken nearest to roads (at the fronts of lots), so a 

higher proportion of positively identified fields are positioned at fronts of lots. Those 

portions of lots without photographs were often the most difficult to identify 

positively. 

VIDEO FOOTAGE 

Handheld 8mm video footage were taken during a road-based land use 

inventory conducted by Dr. John Browder (1992, unpublished data). Because footage 

were taken from the roof of the field vehicle, panoramic views of selected fields were 

available. Filming sites were chosen where distinct land use boundaries occurred, 

aiding identification of these same boundaries using satellite imagery. Fields were 

filmed in a 360 degree sweep, accompanied by a recording of Browder’s narration of 

features shown in the field of view. His commentary provided a valuable aid for 

matching the location of video images to satellite images. 
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A log was created by a Brazilian cartographer during filming to aid the 

location of sites later during interpretation sessions (Browder 1992, unpublished data). 

This log took the form of a linear cartographic journal, using odometer readings and 

landmarks to anchor sites to the landscape. Satellite imagery wasn’t always able to 

resolve the landmarks shown in video footage, leading to some interpretation 

difficulties. Nonetheless, this technique permitted a close integration of the field data 

with satellite data, and to identify those sites that were problematic. 
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CHAPTER FOUR 

MANUAL CLASSIFICATION AND TYPOLOGIES 

This chapter describes an assessment of the distinctiveness of field-based 

classification of image data. Linear discriminant analysis was applied to determine 

how well field-based labels (informational classes) matched spectrally derived classes. 

INFORMATIONAL AND SPECTRAL CLASSES 

Monitoring changes in agricultural land use using satellite remote sensing 

requires an understanding of the spectral properties of those landscape features that 

comprise land use classes. A land use class is an artificial human construct created 

by grouping landscape units that possess a similar use, usually defined in economic 

terms (Campbell 1983; Rhind and Hudson 1980). A land use class is different from a 

land cover class, in that a land cover class contains similar landscape features 

identified by their vegetative, or structural composition (Campbell 1983). 

Remote sensing imagery records solar radiation reflected from features on the 

earth’s surface. Remote sensing imagery therefore is useful for land use analysis to 

the extent that it records particular spectral bandwidths. These digital numbers can be 

classified using statistical methods capable of discriminating between groups or 

clusters of spectral data (Swain 1978; Jensen 1986). These statistical methods attempt 

to place boundaries between data samples where boundaries may not exist in the real 
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world (Robinove 1981). Landscape features (of which spectral data are numerical 

surrogates) may exist in a continuum in which no clear boundaries between data, or 

features, can be discerned by any means (Knox 1964, Robinove 1981). 

The assignment of spectral data to classes, and the information derived from 

spectral data, serve only as surrogates to actual landscape features of interest (Knox 

1964, Richards and Kelly 1984, Robinove 1981). In order to derive information from 

an image, analysts must be able to relate spectral classes to informational classes -- 

labels that relate to specific conditions or processes on the ground (Campbell 1983, 

1987, Robinove 1981, Richards and Kelly 1984, Swain 1978). Informational classes 

provided by ground-based data must relate in some manner to spectral classes based 

upon satellite data. This matching of data and classes is the process that produces 

useable products from raw, uninterpreted image data. 

TYPOLOGY PROBLEM 

Initial interpretation of ground-truth data produced a land use typology 

(established set of informational classes) representing predominant agricultural land 

uses within the Rolim de Moura region. Matching these informational classes to 

spectral classes posed some difficulties. Informational classes, as represented by 

digitally recorded reflectance values (digital numbers), weren’t statistically distinct, 

due to overlaps among their spectral characteristics. When two classes can’t be 

separated, they must be grouped in the final classification, producing a less detailed 
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representation of actual land use. This grouping typically assembles unlike classes 

under a single label, greatly reducing the value of information produced from the 

image data. 

Vegatative features in Rolim de Moura exist in a variety of biophysical states 

(Browder, unpublished data). Abandoned agricultural fields, assuming adequate seed 

supply and appropriate propagation conditions exist, will tend toward regrowth over 

time, eventually becoming forest. This biological succession finds individual species 

in different stages of development, with physical structure dependent upon age and 

environmental conditions. These individual species are not neatly arranged by size 

and shape, making enumeration easy. But, they are arranged along a biophysical 

continuum in which time is the major determinant to structural composition. Finding 

spectral boundaries that match biophysical boundaries (that may not exist) can be 

difficult. 

In this study some important land use types were spectrally indistinguishable 

from each other. For example, in one instance a capoeira (overgrown) field was 

grouped with a 6 year old coffee field (Figure 8). With the focus of this study linked 

to the identification of different agriculture land uses, any overlap between two 

classes poses serious problems. A typology taken from ground-truth information 

(based upon local terminology) produced the following informational classes: 
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Figure 8. Id’s 37 (top) and 44 (bottom). Id 37 is a 6 year old coffee field; Id 44 is a 
fallow field of two years (capoeira). Source: John Browder 1992. 
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Coffee 

Annual crops 

Capoeira (fallow) 

Pomar (orchard) 
Secondary forest 

Primary forest 
Pasture: Three classes based on stocking potential 

To evaluate class distinctiveness, field sites had to be selected. Field sites 

used for this study were identified in hard copy satellite images and verified using 

collateral or ancillary sources (35mm photographs, field maps, etc.) (Campbell 1983). 

The presence of streams and distinct field boundary morphology were the greatest 

aids during field identification. Cadastral maps showing hydrographic information 

were used to verify stream location as shown in satellite images. Distinct field 

boundary morphology was most helpful in identification when field sketches 

corresponded in size, relative location, and boundary morphology. Discrepancies 

between field sketches and satellite images often eliminated a field from inclusion in 

the study if uncertainties could not be resolved using additional ancillary sources 

(8mm video, 35mm photographs, field maps, and field notes). A team of at least two 

interpreters verified each field before that field was included in the final data set. 

Field boundaries for selected samples were drawn on mylar overlays and the 

field assigned to an informational class and given an identification number. Once a 

field identification was verified by all interpretors, these field boundaries were 

digitized onto digital imagery, using the annotated mylar overlay as a guide. Fields 
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too small to be digitized were removed from the sample set. During this process, 

most pomar samples were eliminated because of their small sizes. 

Spectral signatures for field samples were then created using the ERDAS 

command SIGEXT. All pixels within digitized field boundaries contributed to a 

composite spectral signature for each field. Mixed pixels were excluded during 

digitization of field boundaries by placing digital boundaries well within edges of 

parcels, leaving a buffer zone of pixels. 

Mean digital numbers for each field sample (for each of three bands) were 

taken from the three SPOT multispectral bands: green (0.50-0.59 micrometers); red 

(0.61-0.68 micrometers); and near infrared (0.79-0.89 micrometers) (SPOT Image 

Corporation 1987). Each confirmed field site could then be represented by mean 

digital numbers in each band. 

Spectral separation refers to the differences between the digital numbers for 

two or more land use classes (Swain and Davis 1978). These differences are often 

expressed by distance from one another in statistical space. The greater the distance 

(separation) between two classes, the higher the probability that those two spectral 

classes are distinct (Swain and Davis 1978). Davis (1986) uses Mahanalobis’ distance 

(D’, a standardized, squared euclidean distance measure) to express multidimensional 

separation between classes. Another way to understand this same phenomenon is by 

referring to the amount of variance present in any one spectral class. The greater a 

spectral class’s variance, the higher the probability of overlap with another spectral 
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class (or, it is more likely that two spectral classes are contained within the one class 

as defined). It follows then, that a spectral class with low variance and a great 

amount of distance (measurements of the same phenonomon) from other classes is less 

likely to have a high degree of classification error due to spectral overlap (Swain and 

Davis 1978). Spectral overlap reveals inter-class confusion within the classification 

process. When two distinct land uses (as determined by field observation, and 

represented by informational classes) have little spectral separation (as represented by 

spectral classes) from one another, the resulting typology must combine these two 

land uses. Such a coarse level analysis is often more of a hindrance to data users 

than a help. 

The distinctiveness of informational classes (represented by spectral data) can 

be determinined by the use of linear discriminant analysis (Davis 1987, Swain and 

Davis 1978). Linear discriminant analysis evaluates the statistical characteristics of 

each informational class (represented by spectral data), compares these characteristics 

with other class data, and calculates a discriminant function (transect in statistical 

space) along which each class’s characteristics could be placed and be the most 

distinct from each other. This separation in statistical space can then be measured, or 

understood by using Mahalanobis’ Distance (D’) to describe the statistical separation 

of data samples. If the separation between data samples isn’t significant, then class 

overlap is the result. This class overlap leads to the merging of informational classes, 

as discussed in the previous section. 
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The first linear discriminant analysis evaluated 82 field samples from the nine 

classes previously listed. Each sample was placed into informational classes 

according to labels used during manual interpretation sessions using ancillary (field) 

data. The results of this first discriminant analysis weren’t encouraging -- only 18 

percent of the samples were assigned to the classes known to be correct from the field 

data. Results of the second linear discriminant analysis are given in Table 4.1. 

Table 4.1 Confusion matrix for second linear discriminant analysis. Total N: 75; N 
Correct: 15; Proportion Correct: 0.20. Class 1) Pasture; 2) Capoeira; 4) Annuals; 

11) Pasture grade A; 12) Pasture Grade B; 13) Pasture Grade C; 31) Young Coffee; 

32) Old Coffee; 51) Secondary Forest; 52) Primary Forest. 

  

  

  

  

Put into True 

Class # Class # 

Class # 1 2 4 11 12 13 31 32 31 32 

1 2 1 2 4 1 2 0 0 0 0 

2 0 1 1 1 0 0 0 1 0 0 

4 2 3 1 0 0 0 1 2 0 0 

il 0 0 0 0 4 0 0 0 0 0 

12 4 0 0 5 0 1 1 0 0 0 

13 2 0 0 3 1 1 0 0 0 0 

31 0 4 3 0 0 0 1 3 0 0 

32 0 2 0 0 0 0 1 5 1 0 

51 0 0 0 0 0 0 0 0 1 0 

52 0 0 0 0 0 0 2 2 0 3 

Total N 10 11 7 13 6 4 6 13 2 3 

N Correct | 2 1 1 0 0 I 1 5 1 

Proport. 0.20 0.09 0.14 0.00 0.00 0.25 0.17 0.38 0.50 1.00 
Correct         
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This classification result led to the removal of 7 samples from the total data 

set, and the merging of some classes (Table 4.1). Pomar (orchard) was removed 

because of the small size of the sample. Difficulty in the digitization process 

suggested that pomar signatures might be heavily influenced by mixed pixels. All 

coffee plots that had no age data were removed. And three riparian forest parcels 

were removed because of their highly mixed signatures. Subsequent applications of 

the discriminant analysis led to the formation of merged classes. The decision to 

merge classes was based on either of two assumptions: 1) low classification accuracies 

is related in part to the fragmentation of classes; or, 2) low classification accuracies is 

caused primarily by the unseparable spectral signatures between two or more classes. 

Nine iterations followed the first linear discriminant analysis. Different 

combinations of class groupings, and individual field memberships were attempted 

throughout these nine different iterations. The iterations continued until the class 

combinations resulted in statistically significant D’? measurements between all groups. 

The tenth iteration produced an overall classification accuracy of 81 percent, as 

compared to the 18 percent from the first iteration (Table 4.2). Using an F-test to 

evaluate the D? values between each class showed that all tests were significant 

(c= 0.05), except the D’ between the secondary and primary forest classes (Davis 

1986, p.487). Note that the secondary forest class contains two samples, and the 

primary class three. 
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Table 4.2 Confusion matrix for 10th iteration of linear discriminant analysis. Total 
N: 75; N Correct 61; Proportion Correct 0.813. Class 1) Combined Pasture; 2) 

Coffee, Capoeira, Annuals; 51) Secondary Forest; 52) Primary Forest. 

  

  

  

      

Put into class # True 
Class 

Class # 1 2 51 52 

1 31 4 0 0 

2 2 26 1 0 

51 0 1 1 0 

52 0 6 0 3 

Total N 33 37 2 3 

N Correct 31 26 1 3 

Proportion 0.94 0.70 0.50 1.00 
  

In other preclassification analyses, these two classes have been easily distinguishable 

from each other. 

Results of these analyses differ from the original field data typology (listing of 

informational classes). Changes to the pasture class, and the merging of the coffee, 

capoiera, and annual crop classes is most notable. The typology produced by 

reworking group memberships based upon discriminant analysis recommendations 

follows: 

pasture (no distinction) 

coffee, capoeira, and annual crops 
secondary forest 
primary forest 
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Grouping coffee, capoiera, and annual crops into one class does not allow for an 

analysis of agricultural land uses that distinguishes between possibly meaningful 

landscape attributes. Additionally, with all pasture fields grouped together, no 

distinction can be made between a recently cleared and viable field, and one that is 

quite possibly abandoned. 

COFFEE, CAPOEIRA, AND ANNUAL CROP OVERLAP 

An important issue that resulted from initial discriminant analysis was the 

combination, in one group, of the field types coffee, capoiera, and annual crops. Any 

failure in separating these two field types would directly affect discourse about 

identification of agricultural land use using SPOT multispectral data. 

The first discriminant analysis iteration examined two subdivisions of the 

coffee class: those under six years of age; and those over six years of age. Only 

seventeen percent of the younger coffee was classified correctly (n=6); while thirty- 

one percent of the older coffee was classified correctly (n=13) (Table 4.1). A 

subsequent classification, with all coffee grouped in one class, still provided poor 

results: 32 percent accuracy (n=19). Classification errors included an equal number 

of coffee fields placed in the categories of capoeira, annual crops, and both classes of 

forest. 

The last discriminant analysis iteration placed coffee, capoeira, and annuals in 

the same class (n=37) (Table 4.2). Of these 37 fields, 26 were classified correctly 
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(70 percent); 11 were placed with other classes. These percentages are higher than 

any previous iteration, but important assignments still occur. Four of the coffee/ 

annuals/capoeira class were assigned to the pasture class; six were assigned to the 

primary forest class; and one was assigned to the secondary forest class. The primary 

forest class still contained some riparian forest samples, which appear very much like 

capoiera and probably accounted for the misclassifications. Riparian forest samples 

have since been removed from the primary forest class. 

CLASSIFICATION OVERLAP EXAMPLES 

This section will address two different issues: 1) the difficulty encountered in 

the pasture class’s range of types and similarities, and 2) the difficulties encountered 

among the coffee, capoeira, annuals class. 

The first example deals with the coffee, capoeira, annual crop class 

confusions. One of the examples (Id 8) is a field of 14 year old coffee that was 

classified as coffee during manual sessions, but was indistinguishable from capoeira 

and annual crops during linear discriminant analysis (Figure 9 and 12). The other 

example (Id 24) is a mixture of capoiera, and coffee, that was placed in the same 

class as the first coffee field (Figure 9 and 12). The older coffee field, Id 8, was 

originally classified into the ’old coffee’ class, with other fields over 6 years of age. 

The mixed field -- coffee and capoeira -- was originally classified as a young coffee 

field, under 6 years of age. These two fields were placed in the same class by the 
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Figure 9. Id’s 8 (top) and 24 (bottom). Id 8 is 14 year old coffee; Id 24 is a mixture 
of coffee and fallow (capoeira). Source: John Browder 1992. 
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cluster analysis conducted in chapter five. Upon closer examination of D’ values 

during discriminant analysis, Id 24, was reclassified into the first of three pasture 

classes. The respective digital numbers for samples 24 and 8 are given below (Table 

4.3). 

Table 4.3 Comparison of digital numbers for Id’s 8 and 24. Id refers to the 

sample number given to each field. 

  

  

Id8 (14yr coffee) 1d24 (coff/cap) 

BAND1 (GRN) 36.43 44.10 

BAND2 (RED) 44.20 47.95 

BAND3 (NIR) 68.87 63.05     
  

Another example illustrates the differences between field data and digital data 

used in assigning informational labels to spectral classes. This field (Id 49, Figure 10 

and 12) was labeled pasture in the original field survey, and in the photographic log. 

The manual interpretaton session labeled this field pasture with old coffee and a 

pomar (orchard) present. The final classification in Chapter Five, using cluster 

analysis, has placed this field into the first of two coffee, capoiera, annual crop 

classes. 

The last example highlights two pasture samples that appear similar to each 

other in field photographs, but were placed into different classes (Figure 11 and 12). 
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Figure 10. Id 49, originally labeled pasture and placed into the coffee, capoeira, and 
annual crop class by cluster analysis. Source: John Browder 1992. 
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Figure 11. Id’s 86 (top) and 64 (bottom). Id 86 placed into pasture class 2; Id 64 
placed into pasture class 1. Source: John Browder 1992. 
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Figure 12. SPOT XS image of northern study site. Id refers to site identification 
referred to in text. Cl, C2, etc. refer to class number given in final typology in 
Chapter Five. Copyright 1992, SPOT Image Corporation. 
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Additionally, digital numbers are similar with the greatest difference in band three 

(NIR) (Table 4.4). The first sample is Id 86; not labeled according to pasture quality 

in survey data, but similar to other grade A pastures. The other sample is Id 64, 

originally classified as pasture quality A in survey data. Id 64 was placed in pasture 

class one, and Id 86 was placed in pasture class two by the cluster analysis program. 

Table 4.4 Digital numbers for Id’s 86 and 64. Id refers to the sample number given 

to each field. 

  

  

    

1d86 1d64 

BAND1 (GRN) 44.76 44.00 

BAND? (RED) 48.10 47.39 

BAND3 (NIR) 74.07 70.31 
  

These examples highlight difficulties encountered during the matching of 

spectral classes to informational classes. A discussion of biophysical arrangement of 

land uses along a structural continuum as a possible solution to informational class 

confusion is found in chapter six. Chapter Five continues the classification discussion 

using cluster analysis as a preclassification tool. 
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CHAPTER FIVE 

FIELD CLASSIFICATION USING CLUSTER ANALYSIS 

INTRODUCTION 

This chapter examines the classification problem from a perspective differing 

from that presented in earlier chapters, which assessed the spectral distinctiveness of 

field-based informational classes. Here the spectral data will be examined without 

initial regard for informational classes, to define spectrally homogeneous spectral 

classes. These spectral classes can then be evaluated to determine the extent to which 

they match conventional informational classes. A close match indicates that SPOT 

data can be used to accurately map land use classes (that are represented by 

informational class labels). A poor match would reveal that SPOT data provide 

inadequate information for separating land use classes. 

CLUSTER ANALYSIS 

This chapter employs hierarchical clustering (Davis 1986, p.503) which 

attempts to define homogenous groups (clusters) and reveal relationships to other 

groups. These relationships are graphically represented by a dendrogram which 

displays subdivisions within each class or subclass. 

Cluster analysis groups similar multispectral data samples to reveal 

homogeneous classes. For this study, the objective is to assess the degree to which 
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spectrally homogeneous classes, as defined by cluster analysis, coincide with 

informational classes that field researchers apply when describing landscapes. 

The data used here consists of 84 samples (n) and 3 variables (m). The m 

variables are the mean digital numbers from three SPOT multispectral bands derived 

from the n land use polygons from the north and south study sites. The first step in 

the cluster analysis is to compute a distance coefficient for the data matrix, which 

results in a (7 x m) similarity matrix. 

Computation of a distance coefficient for the data matrix occurs in stages. 

The first set of computations create ’clusters’ between two samples having the 

smallest mutual distance coefficient, then the same is done for remaining samples. 

The second ’clustering’ phase groups these original, two member ciusters into larger 

clusters. So, an initially clustered group A-B, might be joined with group C-D, to 

form group A-B-C-D. The grouping uses the mean of each cluster’s distance 

coefficient to represent the newly clustered-group’s distance coefficient. This process 

necessarily distorts the original similarities as they are grouped with other 

observations at each successive iteration of the clustering program. The degree of 

distortion can be measured using the cophenetic correlation. The cophenetic 

correlation provides the correlation of true cluster distances and cluster distances as 

represented in the dendrogram. The cophenetic correlation, then, provides a 

measurement of the dendrogram’s accuracy in graphically displaying true cluster 

distances. The cophenetic correlation for this study is .96, indicating a faithful 
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rendering of relationships, even at the broader classes. 

The analysis included samples from both the north and south Rolim data sets. 

In all, 82 samples were classified, with 75 samples used for both the manual and 

*clustered’ discriminant analysis in Chapters Four and Five. The result of this cluster 

classification formed the land use typology examined in this chapter. The 

informational class labels used in this typology are those also used in Chapter Four’s 

manual typology. 

The informational classes that follow form the final typology as refined by 

using cluster analysis and linear discriminant analysis. This typology differs from the 

first typology in the number of classes, and class membership in some cases. These 

informational classes are described at the end of the chapter. 

Class 1: Pasture 

Class 2: Pasture 
Class 3: Pasture 

Class 4: Coffee, capoeira, annuals, secondary forest 

Class 5: Coffee, capoeira, annuals 

Class 6: Primary forest 
Class 7: Secondary forest, pasture 

CLASS DISCRIMINATION USING LINEAR DISCRIMINANT ANALYSIS 

Classification in the discriminant analysis program, as discussed in Chapter 

Four, refers to the placement of a sample in the correct class based upon 

informational class membership labels determined by cluster analysis interpretation. 

The discriminant analysis classification provides the level of accuracy achieved in 
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reference to these initial class labels. 

Initial classification accuracy was 79 percent (compare to 20 percent for 

chapter four’s first attempt) (Table 5.1). The final iteration’s classification accuracy 

was 85 percent, with only two classes not achieving at least 85 percent accuracy 

(Class 2: pasture, 77%; Class 5: Coffee, capoeira, annuals, 81%) (Table 5.2). 

COMPARISON OF FIELD AND CLUSTER ANALYSES 

The initial classification accuracy for the field data set was 20 percent (Table 

4.1), and 79 percent for the clustered data set (Table 5.1). Greater classification 

confidence can be assured by completing an initial cluster analysis on supervised data 

sets. 

When comparing the final iterations of these two discriminant analyses, the 

classification accuracy for the field data set was 81 percent (Table 4.2), and the 

classification accuracy for the clustered data set was 85 percent (Table 5.2). 

The reason for the similarity in accuracies for the final iterations, and the 

disparity in the initial iterations is that each additional iteration of the linear 

discriminant analysis acts in a similar manner to the cluster analysis program through 

reclassifications of samples based on D’ values. The classification accuracy matrix 

produced by the linear discriminant analysis provides recommendations for 

reclassification of samples by class. Each iteration of the linear discriminant analysis, 

then, results in a more accurate data set when samples are reclassified by class. 
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The variance for the different bands of data used in these two classifications is 

helpful in understanding the two classifications. A pooled (averaged) mean variance 

for the different classes for the two initial classifications is given below. Each data 

set is the same, the only difference being the type of classification method. 

Table 5.1 Confusion matrix for 1st iteration of cluster analysis’s linear discriminant 
analysis results. Total N: 75; N Correct 59; Proportion Correct: 0.787. Class 1) 

Pasture; 2) Pasture; 3) Pasture; 4) Coffee, Capoeira, Annuals, Secondary Forest; 5) 

Coffee, Capoeira, Annuals; 6) Coffee, Capoeira, Annual, Pasture; 7) Capoeira, 

Annuals Coffee, Primary Forest; 9) Secondary Forest and Pasture. 

  

  

      

Put into True 

class class 

Class # 1 2 3 4 5 6 7 9 

1 8 0 0 0 1 0 1 0 

2 I 10 l 1 0 0 0 0 

3 0 2 7 0 0 0 0 0 

4 0 1 0 17 0 0 0 0 

5 0 0 0 0 7 2 0 0 

6 0 0 0 0 3 2 1 0 

7 0 0 0 1 0 1 6 0 

9 0 0 0 0 0 0 0 2 

Total N 9 13 8 19 11 5 8 2 

N Correct 8 10 7 17 7 2 6 2 

Proportion | 0.89 0.77 0.87 0.89 0.64 0.40 0.75 1.00     
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Table 5.2 Confusion matrix for last iteration of clustered linear discriminant analysis 

classification. Total N: 75; N Correct 64; Proportion Correct: 0.853. Class 1) 

Pasture; 2) Pasture; 3) Pasture; 4) Coffee, Capoeira, Annuals, Secondary; 5) Coffee, 

Capoeira, Annuals; 8) Primary Forest; 9) Secondary Forest, Pasture. 

  

  

      

Put into True 

class class 

Class # 1 2 3 4 5 8 9 

1 8 0 0 0 2 0 0 

2 1 10 1 2 0 0 0 

3 0 2 7 0 0 0 0 

4 0 1 0 17 0 0 0 

5 0 0 0 0 17 0 0 

8 0 0 0 0 2 3 0 

9 0 0 0 0 0 0 2 

Total N 9 13 8 19 21 2 

N Correct 8 10 7 17 17 3 2 

Proportion | 0.89 0.77 0.87 0.89 0.81 1.00 1.00     

Table 5.3 Pooled variances for field and cluster data (first iterations). 

  

  

  

Field data Cluster data 

BAND! (GRN) 14.97 11.97 

BAND2 (RED) 3.82 4.33 

BAND3 (NIR) 33.95 7.61 
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Perhaps more interesting is the variance measures for the different classes 

themselves. The pasture class is interesting in that the field data variances almost 

mirror the overall (pooled) digital numbers, while the cluster data set’s variances are 

lower than the pooled digital numbers. 

Table 5.4 Pooled variances for pasture classes (first iterations). 

  

  

  

Field data Cluster data 

BAND1 (GRN) 12.37 6.21 

BAND2 (RED) 3.08 1.11 

BAND3 (NIR) 33.54 4.07   
  

Compare these two tables, and note the clustered data’s trend in lower variances both 

with the pasture classes and the data sets in their entirety. When the last iterations of 

each classification are compared it is important to note that no change has occured in 

the pasture class’s clustered variances. Few class changes occured for pasture 

samples. 
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Table 5.5 Pooled variances, last iterations. 

  

  

    

Field data Cluster data 

BAND1 (GRN) 14.33 10.76 

BAND? (RED) 3.66 3.84 

BAND3 (NIR) 33.15 7.17 
  

Table 5.6 Pooled variances, pasture, last iterations. 

  

  

  

Field data Cluster data 

BANDI1 (GRN) 13.42 6.21 

BAND? (RED) 2.28 1.11 

BAND3 (NIR) 36.82 4.07     

FIELD TYPE DESCRIPTIONS 

These descriptions are intended to be broad based and refer to the final 

typology of this chapter. The typology is reproduced here. 

Class 1: Pasture 

Class 2: Pasture 

Class 3: Pasture 

Class 4: Coffee, capoeira, annuals, secondary forest 

Class 5: Coffee, capoeira, annuals 

Class 6: Primary forest 
Class 7: Secondary forest, pasture 

50



PASTURE CLASS 1 

There are nine samples in this class. Most pasture fields appear closely cut, .5 

to 1 meter in height, with some fields 1 to 2 meters in height (Browder, unpublished 

data). A small percentage of pasture fields had some proportion of weeds and shrubs, 

but most fields were without overgrown vegetative forms. Pasture ages range from 2 

to 8 years. The coloring in multispectral imagery appears a deep medium blue. The 

older pastures that seem to have some capoeira mixed in have a lighter blue tone, 

with some patterns of the lighter blue rather than a solid coloration. 

All pasture samples were classified as pasture in the final field data 

classification. No change in class membership occured since the first iteration of the 

clustered data set. One sample appears classified incorrectly, and appears more like a 

pasture 2 class than a pasture one class, giving the pasture 1 class an 89 percent 

accuracy. 

Table 5.7 Descriptive statistics for class 1. 

  

  

    

MEAN STANDARD DEV. VARIANCE 

BANDI (GRN) 41.55 1.37 1.87 

BAND? (RED) 46.69 0.90 0.80 

BAND3 (NIR) 70.85 2.14 4.58 
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PASTURE CLASS 2 

There are 13 samples in pasture class two. This group seems to be composed 

of mixed pasture. The predominate reported height of these pasture fields is between 

1 and 2 meters. A large proportion of fields have overgrown portions, or contain 

weeds. Reported ages for this class are between 4 and 10 years (Browder, 

unpublished data). 

The coloring on the multispectral image of fields is varied in this class. There 

are more light colored portions in the fields, as compared to the first pasture class. 

The fields range in color from light blue to almost white on the multispectral image. 

Table 5.8 Descriptive statistics for class 2. 

  

  

  

MEAN STANDARD DEV. VARIANCE 

BANDI (GRN) _— 41.60 3.52 12.42 

BAND2 (RED) 46.68 1.36 1.86 

BAND3 (NIR) 76.17 1.45 2.09 
  

PASTURE CLASS 3 

There are eight samples in class three. Pasture ages range from 2 to 10 years 

(Browder, unpublished data). This class is a mixture between well formed pasture (.5 
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to 1 meter in height) and degraded pasture. This class appears lighter in color than 

class 2 in the multispectral image, appearing light blue to almost white. 

The linear discriminant analysis classification accuracy for this class was 87 

percent. Although digital numbers for this class are high in all bands, the main 

difference in digital numbers between this class and the other pasture classes is the 

increased values in the NIR band. 

Table 5.9 Descriptive statistics for class 3. 

  

  

MEAN STANDARD DEV VARIANCE 

BAND1 (GRN) 44.20 2.08 4.34 

BAND2 (RED) 48.76 0.81 0.65 

BAND3 (NIR) 81.87 2.35 5.53     
  

CLASS 4: CAPOEIRA, COFFEE, ANNUALS, SECONDARY 

This is the first of two different classes that contain mixed agriculture fields. 

There are nineteen samples in this first class. The linear discriminant analysis 

classification gave an accuracy of 89 percent, with only two misclassifications -- both 

to pasture class 2. 

This class is the most diverse with respect to original, field classifications. 
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Two different age groups of coffee, some annual crops, one secondary forest sample, 

two grade A pasture samples, and a few capoeira samples are included in this class. 

About one third of the coffee fields in this class are reported to be older than six 

years. No changes took place between the first iteration of the cluster’s discriminant 

analysis and the last iteration of the cluster discriminant analysis. A significant 

difference between this class and all pasture classes is the lower digital numbers in the 

green band for this class. 

Table 5.10 Descriptive Statistics for class 4. 

  

  

  

MEAN STANDARD DEV. VARIANCE 

BAND1 (GRN) 31.51 3.05 9.27 

BAND2 (RED) 41.87 2.19 4.79 

BAND3 (NIR) 80.47 3.29 10.82 
  

These fields appear white to red in color on the satellite multispectral image. The 

overgrown pasture and capoiera fields appear bluish/white to almost white, and the 

coffee and secondary forest fields appear orange/red to red. 

CLASS 5: COFFEE, CAPOIERA, ANNUALS 

This class is made up of originally-classified fields of pasture, coffee, annual 
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crops, and capoeira. Both young (<6 yrs) and old (>6 yrs) coffee are almost 

equally represented in this class. 

Table 5.11 Descriptive statistics for class 5. 

  

  

MEAN STANDARD DEV VARIANCE 

BAND1 (GRN) 33.80 4.05 16.40 

BAND2 (RED) 42.32 2.30 5.30 

BAND3 (NIR) 70.32 3.06 9.35       

The. main difference between class 4 and class 5 comes in the digital numbers 

for the NIR band. These digital numbers are more like class 1’s (pasture), except 

that the green band’s digital numbers are very different from the pasture class’s. 

The multispectral image shows this class’s samples as dark blue, with mixtures 

of green, white, and red. 

CLASS 6: PRIMARY FOREST 

This class consists of three samples that weren’t part of the field investigation. 

These samples were collected from the image data by visually identifying areas that 

were uniform regions of undisturbed primary forest, taking care to avoid pixels near 

edges of parcels. Little confusion exists in classifying primary forest. 
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Table 5.12 Descriptive statistics for class 6. 

  

  

MEAN STANDARD DEV. VARIANCE 

BAND1 (GRN) 24.29 0.33 0.11 

BAND2 (RED) 36.84 0.17 0.03 

BAND3 (NIR) 76.76 1.45 2.09     
  

CLASS 7: SECONDARY FOREST, PASTURE 

This class is not significantly separated from the primary forest class according 

to results of an F test. The addition of pure secondary forest samples might increase 

the significance of this class. The secondary forest samples from the field iteration 

were a mixture of riparian forest and secondary forest, providing no good indication 

of digital numbers for either field type. 

Table 5.13 Descriptive statistics for class 7. 

  

  

MEAN STANDARD DEV. VARIANCE 

BAND1(GRN) 29.37 6.51 42.32 

BAND2 (RED) 41.76 5.98 35.70 

BAND3 (NIR) 97.13 1.20 1.43     
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CHAPTER SIX 

CONCLUSIONS 

Informational classes representing coffee fields, annual crops, and fallow 

agricultural fields cannot be clearly separated using SPOT multispectral information 

alone. These field types can be identified with some accuracy when detailed ancillary 

data is used in conjunction with multispectral imagery, however. Similarities in 

spectral signatures for these field types precluded a separation into different spectral 

subclasses. Two spectral classes were produced that contained coffee, annual crops, 

and fallow agricultural fields (capoeira). 

Pasture informational classes can be spectrally separated from primary forest 

and from the conglomerate informational class that includes coffee, annual crops, and 

fallow land (capoeira). Additionally, pasture can be separated into at least three 

different spectral classes using cluster analysis as an initial classifier. Determinating 

biophysical composition of these three spectral classes remains difficult. 

Classification methods that employ cluster analysis produce classes that are 

more spectrally homogenous than classification methods that classify samples by 

informational labels alone. Initial linear discriminant analysis of the spectral integrity 

of an informational classification of field samples produced 20 percent classification 

accuracy compared to 79 percent accuracy achieved for those same samples that were 

classified using cluster analysis. Subsequent re-classifications of samples 
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using distance measurement criteria produced higher accuracies for the informational 

classification (81 percent). Final classification accuracies for the clustered data set 

reached 85 percent. 

BIOPHYSICAL CONTINUA 

Vegetative continua appear responsible for inter-class spectral overlaps 

(Robinove 1981, Richards and Kelly 1984, Wardley et al 1987, Weaver 1987, Wood 

and Foody 1989). Locating informational classes along a vegetative continuum may 

clarify difficulties encountered during spectral analysis (Figure 13). Standardized 

field classifications cataloging land use according to biophysical properties might 

better serve digital analyses of spectral data (Batista et al 1988). But, this method of 

field survey is time consuming, and therefore expensive and impractical. And, 

altering the informational class labels already used locally by farmers simply to suit 

spectral classifications would be counterproductive. Analysts would benefit more 

from an understanding of the relationship between informational class labels and 

spectral classes by investigating spectral data using different classifiers and 

methodologies. 

The collection of well defined informational classes into spectral classes 

doesn’t preclude the classification of vegetative communities at much greater levels of 

detail in the field, however. This study began with field data (Browder, unpublished 

data) already collected at a much greater level of informational detail than can be 
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Figure 13. Biophysical arrangement of informational classes along vegetative 

continuum. Values represent general ranges of digital numbers (2 standard deviations 

above and below the mean) for labeled spectral classes. The greatest amount of 

spectral overlap occurs in the middle section. These illustrations do not accurately 
depict the passage of time, or height of vegetation. 
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produced using spectral information. Attempts to recreate this level of detail, 

spectrally, for informational classes that include coffee, capoeira, and annual crops, 

cannot be supported using the methods outlined in this project. 

RESOURCE MONITORING IMPLICATIONS 

Attempts to monitor agricultural land use in colonized regions of Amazonia 

must consider the limitations to accurate identification of complex vegetative 

compositions using spectral information (Wardley et al 1987, Wood and Foody 1989). 

Accurate identification of land uses with complex spectral variation similar to those 

found near Rolim de Moura is difficult where detailed ancillary data are not available. 

The possibility for more accurate identification of complex vegetation 

complexes may lie in the visual presentation of spectral data without the benefit of 

mapped class boundaries (Robinove 1981, Wood and Foody 1989). Mapping these 

vegetative complexes as probability surfaces (Wood and Foody 1989), or by 

displaying the degree of heterogeneity of complexes (Robinove 1981) may provide 

more accurate presentation of complex land uses using spectral data. 

Additional investigation into the relationship between spectral classes and 

informational classes for Amazonian agricultural land uses is needed. A trade-off 

between the need for complementary field data and the costs of field work must be 

considered when difficult research questions such as these are posed. If more 

accurate identification of agricultural land uses cannot be achieved without abundant 
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field data, then the cost of long term data collection should be assessed beforehand. 

Perhaps research efforts of a smaller scope will provide an understanding between 

desired accuracies of land use identification and the amount of field data needed, with 

these findings providing a clearer understanding of the data needs for larger, more 

ambitious monitoring projects. 
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