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ABSTRACT 

Forest fire policies are changing. Managers now face conflicting imperatives to re

establish pre-suppression fire regimes, while simultaneously preventing resource 

destruction. They must, therefore, understand the spatial patterns of fires. Geographers 

can facilitate this understanding by developing new techniques for mapping fire behavior. 

This dissertation develops such techniques for mapping recent fires and using these maps 

to calibrate models of potential fire hazards. In so doing, it features techniques that strive 

to address the inherent complexity of modeling the combinations of variables found in 

most ecological systems 

Image processing techniques vvere used to stratify the elements of terrain, slope, 

elevation, and aspect These stratification images vvere used to assure sample placement 

considered the role of terrain in fire behavior. E.Kamination of multiple stratification 

images indicated samples were placed representatively across a controlled range of scales. 

The incorporation of terrain data also improved preliminary fire hazard classification 

accuracy by 40° o, compared with remotely sensed data alone 

A Kauth-Thomas transformation (KT) of pre-fire and post-fire Thematic Mapper 

(TM) remotely sensed data produced brightness, greenness, and wetness images. Image 

subtraction indicated fire induced change in brightness, greenness, and wetness. Field data 

guided a fuzzy classification of these change images. Because tlizzy classification can 

characterize a continuum of a phenomena where discrete classification may produce 



artificial borders, tlizzy classification was found to otTer a range of fire severity 

information unavailable with discrete classification. 

These mapped fire patterns were used to calibrate a model of fire hazards for the 

entire mountain range Pre-fire TM, and a digital elevation model produced a set of co-

registered images. Training statistics were developed from 30 polygons associated with 

the previously mapped fire severity Fuzzy classifications of potential burn patterns were 

produced from these images. Observed field data values were displayed over the hazard 

imagery to indicate the effectiveness of the model. Areas that burned without suppression 

during maximum fire severity are predicted best. Areas with widely spaced trees and 

grassy understor\' appear to be misrepresented, perhaps as a consequence of inaccuracies 

in the initial fire mapping 
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CHAPTER 1 

INTRODUCTION 

To understand forest fire we must understand how it is distributed both spatially 

and temporally The patterns of forest fire result from complex interactions of natural and 

human factors The spatial emphasis of Geography, and a focus on human-nature 

interactions, render this discipline ideally suited to study these patterns. This dissertation 

develops spatial analysis techniques that characterize the vvays forest fires change 

landscapes New mapping techniques, introduced here, can offer improved spatial 

understanding of forest fire Such techniques respond to a growing recognition of the 

importance of fire mapping science for effective fire management. 

In a visit to the Tall Timbers Conference in Boise Idaho in 1996, Department of 

Interior Secretary Bruce Babbitt called on the audience of forest fire researchers to find 

ways to return natural fire regimes to the nation's forests. That same year, on September 

18"', director of the Forest Service Jack Ward Thomas explained on National Public Radio 

that we are spending nearly a billion dollars a year fighting wildfires. Thomas stated that it 

is now time to put hundreds of millions of dollars into efforts to control fuel buildups. 

Even with such increases in "preemptive" fire budgets, resources for such projects will be 

limited. It is therefore imperative to develop techniques that depict the spatial patterns of 

fire, enabling efficient use of these resources 
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Many land management agencies are beginning to manage fire as part of a growing 

set of integrated ecosystem management programs (Lucier 1994). Agencies are 

beginning, for example, to use ""prescribed natural fire"' (PNF) and "management ignitions" 

as tools for wildland management. In the Tucson area, Saguaro National Park biologist 

Rick .Anderson hopes to expand Saguaro National Park's PNF program from several 

hundred acres a year to many thousand acres a year (Anderson 1995). 

.A.S agencies take active roles allowing and encouraging fire on the landscape, the 

eftects of fire will no longer be dismissed as the unfortunate consequences of natural 

processes Foresters will take on liability and responsibility for both planned and 

unplanned fires New tire management plans, therefore, must include spatial and temporal 

descriptions of both desirable and undesirable tire patterns. Spatial information indicating 

the range of potential fire etTects could assist tbrest managers facing such fire management 

and resource allocation decisions 

To supply useful ecosystem-wide management information and fire hazard maps, it 

is necessary' to introduce cost-etTective techniques capable of analyzing large areas. 

Remote sensing and digital terrain data have been introduced for efficient discrete 

classification of wildfire severity, as well as post-fire recovery, and fire hazards (Yool et 

al. 1985, Milne 1986. Jakubauskas 1990, Turner et al. 1994, White et al. 1996, Medler 

and Yool 1997) Through the addition of fuzzy classification this dissertation expands 

these ertbrts towards improved understanding of the spatial patterns of wildfire. 
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Problem and Research Questions 

This dissertation addresses geographical aspects of fire science and fire 

management The 9000 hectare Coffee Pot Fire of 1994 and the surrounding San Mateo 

Mountains serve as the case study I examine specific management questions relating to 

the spatial patterns of the CotTee Pot Fire, as well as potential fire hazards for the entire 

San Mateo range Techniques that help answer management questions in the San Mateos 

could be applied to other forest systems. These management questions include: 

Where has fire killed mature trees? Where might future hot uncontrolled 

wildfires kill mature trees? Which areas have been, or may soon be, visited by light 

surface burns that reduce fuel loads on forest floors? Which areas are likely to 

undergo significant changes if left to burn in an uncontrolled wildfire? 

To develop spatially explicit answers to these questions it is necessary to expand 

simultaneously the theoretical frameworks and tools available to fire scientists. This 

dissertation introduces the approach of applying digital image-processing, fuzzy set 

theory, and fuzzy pattern classification techniques to forest tire mapping science (Zadeh 

1965, Kent and Marida 1988, Wang 1990 a. b. Foody 1992, Maselli et al. 1995). These 

techniques are used to characterize and map synthetic combinations of fire determinants in 

ways that offer distinctive spatial information to both land managers and fire scientists. 



Fuzzy Logic, Terrain Modeling, and Remote Sensing 

One of the goals of this research is to characterize the spatial patterns of fire-

associated vegetation mortality seen in the field. These patterns have traditionally been 

divided into only a few discrete categories (Ryan and Noste 1985, Cottrell 1989). At finer 

scales, however, complex patches are burned with continuously varying degrees of 

severity (Pyne 1982. Pyne et al 1996) A single mapping unit, for example, may have 

40° o of its canopy destroyed and 60° b intact It could be advantageous to recognize this 

fijzzy mix of canopy destruction and survival rather than force the classification of this 

mapping unit into a single discrete categorv- Fuzzy theory thus appears to provide a more 

realistic basis for mapping forest fire and fire determinants. Fuzzy classification techniques 

may also be better suited to relating natural phenomena in a way similar to the imprecise 

nature of most human thinking (ACM 1984, Jensen 1996) Fuzzy set theory and fijzzy 

pattern recognition techniques are. therefore, potential tools tor fire mapping. 

Fire management at the ecosystem scale will likely benefit from developments in 

remote sensing Thematic Mapper (TM) imagery, for example, offers cost-effective 

information sources for characterization of biophysical variables over large areas (Franklin 

1992. Jensen 1996. Lillesand and Kiefer 1994) TM data alone, however, do not capture 

all landscape properties that influence fire behavior (Burgan and Shasby 1984, Yool et al. 

1985, Jakubauskas et al. 1990), In addition to vegetation (fuels), other factors such as 

terrain, macroclimate, microclimate, previous fire history, prior fire suppression, and other 

disturbances contribute to the spatial pattern of burning in complex ways. Multispectral 
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data may indicate some of the spatial variability of these determinants. Such data, 

however, are subject to complications such as sun-sensor angles, and bi-directional 

reflectance (Suits 1972, Kleman 1987. Goel 1988). Digital elevation models (DEMs), 

which are based strictly on elevation values may. therefore, be better suited to the 

production of terrain models, than multispectral data. 

Another goal of this vvork is investigating techniques that integrate both 

multispectral and terrain data In this dissertation I investigate whether forest fire 

information derived from either TM or DEMs may be improved by a careful synthesis of 

both Techniques developed here thus use both data types to display and analyze spatial 

patterns associated with combinations of tire determinants. 

To e.xploit the limits of remote sensing for fire mapping. I explore the use of the 

Kauth-Thomas (KT, or "tasseled cap') linear transformation of TM data (Kauth and 

Thomas 1976. Crist and Cicone 1984 a, b. Collins and Woodcock 1996) This 

transformation has been receiving increasing attention because the KT coefficients are 

applied consistently at any location. Other linear transformations used in remote sensing 

are derived from the statistical analysis of the data sets themselves. By contrast the KT 

transformation uses a pre-determined set of coefTicients. and is not scene dependent, 

allowing KT values to be compared across time and space. Though the KT 

transformation v\as developed originally for agricultural lands, this dissertation explores 

the applicability of KT to tbrested areas, and paaicularly to mapping forest fire severity. 
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Mapping and Modeling the Complex Determinants of Forest Fire 

This dissertation strives to extract spatial understanding of fire behavior while 

preserving much of the synthesis of fire determinants. Vegetation patterns can be seen as 

an expression of many physical factors influencing an area (Brown and Gibson 1983. 

Franklin 1995). As fire is inexorably tied to this vegetation, the spatial patterns of fire 

represent a synthesis of many individual fire determinants. Fire determinants can co-vary 

in space and time It is difficult, therefore, to determine the contribution of each. An area 

of steep slope, tor example, may have difterent insolation, vegetation, soil moisture, 

microclimate, and fire behavior than areas of low slope. It would be unreasonable, 

however, to ascribe observed fire behavior solely to slope without acknowledging the 

potential role or interactions of other variables. 

Deterministic models that attempt to predict future conditions in dynamic systems 

are extremely sensitive to their initial conditions (Lorenz 1963, 1979) .Any attempt to 

disassemble all the peninent fire determinants and recombine them using deterministic 

models is, therefore, subject to error propagation. Inaccuracies in the initial quantification 

of determinants may amplify- (or compound) inaccuracies of the model itself Rather than 

untangle and quantity- all possible fire determinants, this work maps and models fire 

through pattern recognition of synthetic combinations of determinants. To accomplish 

this, remotely sensed imagery and terrain models are used to sample and represent the 

spatial patterns of fire determinants 



My research is discussed in the remaining four chapters. None of these chapters 

however, speak directly to the underlying themes that direct the nature of the research. 

Specifically this research is intended to facilitate spatial understanding of a complex 

biophysical phenomena, without quantification of all individual variables. 

Fire's complexity does not preclude scientific understanding. Rather this 

complexity necessitates focused and question driven research that produces results 

without deconstaicting all quantitative relationships influencing the phenomena. The 

spatial and temporal patterns of many biotic phenomena are clearly linked to complex 

factors such as climate, soil moisture, or even microclimate In the face of potentially 

unknown interconnecting variables, absolute predictive modeling may be inappropriate. If 

applied to management problems, such modeling could even lead to unexpected and 

undesirable results 

As Jack Turner notes in an essay on wildland management, 

"Dynamic systems marked by chaos and complexity do have an 

order, and the order can be described with mathematics. They are 

deterministic and usually, we can calculate probabilities and make 

qualitative predictions about how the system will behave in general. But 

with chaos and complexity, scientific knowledge is again limited in ways 

similar to the limits of incompleteness, uncertainty, and relativity. That 

does not end science All that drops out is quantitative prediction." 

(Turner 1994, p 186) 
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The significance of Turner's remarks lies in his distinction between qualitative and 

quantitative prediction. He does not argue that complexity dooms science to pedantic 

description and ineffective prediction. Ecological applications are arguably some of the 

most complex and chaotic endeavors in science (VVorster 1993). Yet in the face of 

ecological complexity and chaos, 1 believe techniques can be developed that both elucidate 

patterns and indicate reasonable expectations. This dissenation demonstrates such an 

approach to the spatial complexities of forest tire. 
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The Chapters 

The background, literature review, study area description, methods, results, and 

conclusions of this study are presented in the chapters of this dissertation. These chapters 

comprise four individual papers that in combination trace the evolution of a group of 

spatial analysis techniques demonstrated to map an historic wildfire and create a map of 

fire hazards for an entire mountain range Each chapter represents a methodologically 

distinct and necessary step in the structure of this work 

The chapters are individual papers prepared for submission to specified peer-

reviewed journals Some background components are repeated in some or all of the 

papers. In each paper, for example, the study area and field techniques remain the same. 

In this dissenation each chapter is also preceded by a foreword explaining the significance 

of the chapter to the dissertation research as a whole The following is a summary of the 

most important findings in these chapters 

Chapter 2. huprovinn Thematic Mapper Based Classification of Wildfire Induced 

I'e^efation A lortality 

Chapter 2 is the result of a pilot study designed to investigate the importance of 

terrain data in predicti\e fire modeling It examines improved fire hazard classification 
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accuracy accomplished through combining terrain and TM data. It also introduces the 

technique for automated terrain stratification developed in Chapter 3. 

Image-processing techniques are used to combine different elements of terrain data 

into a single composite image. This composite terrain image is used to improve the 

accuracy of a supervised classification of expected vegetation mortality associated with 

the CotTee Pot Fire Error matrices and Kappa statistics are produced, showing that 

combining TM and terrain data improves mortality classification by 40% compared with 

TM data alone. These results contribute evidence supporting, in Chapter 5, a more 

complex combination of TM and terrain data. 

This classification improvement also extend a growing body of research indicating 

the potential significance of incorporating terrain data in remote sensing projects (Strahler 

et al. 1978, Strahler et al 1980, Hutchinson 1982, Davis 1990. Franklin 1995). Chapter 2 

specifically tests improvements made using terrain data in fire associated pattern 

recognition. These results are also significant for any research attempting to use remote 

sensing to characterize the spatial patterns of phenomena that could be atTected by terrain 

in unknown ways, because this chapter otTers biogeographers a strategy for integrating 

several components of terrain despite an incomplete knowledge of all significant causal 

mechanisms, 

(Published, Cicocario fiKerncuioiial 1997 12 49-58 ) 
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Chapter 3. An Automated Technique for Terrain Stratification 

Chapter 3 describes and demonstrates a new technique developed to place field 

samples. Terrain influences the patterns of forest fires. Fire mapping research must, 

therefore, consider terrain in sampling design. Incomplete information on the role of 

terrain, however, makes it difficult to account for terrain variability in sample designs. As 

a partial solution this chapter introduces a protocol that stratifies complex terrain 

automatically This stratification method uses image-processing techniques to cluster 

digital images of slope, elevation, and aspect into homogeneous groupings. 

The technique is demonstrated with a stratification of the complex terrain 

disturbed by the CotTee Pot Fire. By identifying terrain complexity at several resolutions, 

this technique places transects that sample terrain variability and fire severity 

representatively across a controlled range of scales. It was instrumental in the placement 

of samples for the remaining chapters in this dissertation. It is applicable also to any other 

study that must place field samples without full understanding of the significance of 

terrain, and thus otTers a new strategy for sampling spatial phenomena influenced by 

terrain. 

(Target Journal. Ecolo^^ical Applications A preliminary draft has been published 

as a poster chapter in The Procccdiiif^s of the Madrean Fire Conference. 1996 ) 
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Chapter 4. Fuz:y Classification of Forest Fire 

Chapter 4 applies fuzzy classification techniques to forest fire mapping. A high 

quality map of the Coffee Pot Fire was required to produce the fire hazard classifications 

reported in Chapter 5 Chapter 4 develops and tests fuzzy classification for fire mapping. 

Such 'softened' classification techniques are an innovation in spatial change detection 

(Wang 1990 a, b. Foody 1992). Mapping biogeographical changes can be crucial to 

understanding them These dynamics, however, do not necessarily occur in the discrete 

"hard" classes easily mapped by traditional thematic mapping techniques (Jensen 1996). 

Fuzzy classification techniques also facilitate cartographic display of these tlizzy 

phenomena, and may, therefore, be better suited to the imprecise nature of most human 

thinking (.ACM 1984. Jensen 19<56) This research thus represents an advance in the 

spatial representation of forest fire, and otTers insight into other spatial applications of 

fijzzy logic 

Field data are used to compare fuzzy and a traditional maximum likelihood 

classification of vegetation mortality .A KT transformation of TM data produces 

brightness, greenness, and wetness features used for the classifications. Spectral response 

patterns from 26 field samples are used for image wide classification of three categories of 

vegetation mortality 

Results of this procedure are presented in tables, allowing comparison of the 

classification techniques on a point by point basis. KT bands 2 and 3 (greenness and 



wetness), are found to best represent spatial variability of surface fire effects. Fuzzy 

classification is found to offer a range of effects information unavailable in maximum 

likelihood classification. Both fijzzy and maximum likelihood classifiers are found to be 

least effective in areas with widely spaced trees and extensive ground cover. In these 

areas it appears that changes in the understory overwhelm any signal from the overstory, 

and are thus classified as changes in the overstory 

(Tjirget Joiiriial, Ihc  Pro jess ionu l  Geographer)  

Chapter 5. hucuration of Remote Sensing and Terrain Modeling for Mapping 

Potential Forest Fire Induced Vegetation Mortality 

Chapter 5 uses the fuzzy classification images from Chapter 4 as a baseline map of 

vegetation monality Fuzzy classification is then used to model the spatial patterns of fire 

hazards to the entire unburned San Mateo range, providing a spatial display indicating 

each pixel's similarity to areas that burned with observed severity during the Coffee Pot 

Fire 

To map tire hazards, pre-tlre TM data are used to create KT bands 1, 2, and 3, as 

well as a texture image (Woodcock and Ryherd 1989). .A DEM is used to create slope, 

elevation, and aspect images Training statistics are developed for these seven images 

from 30 polygons identified on the dizzy classification image produced in Chapter 4. 

Fuzzy classifications of potential burn patterns are produced for each image. These 

classification images are then averaged into a single image integrating the multiple factors 



captured by the original seven images Observed field data values from the Coffee Pot 

Fire are displayed over the hazard image illustrating the effectiveness of the technique for 

different areas of the fire. 

This model is most effective in areas that burned without suppression efforts, and 

at the maximum daily fire severity. This is expected because the 30 training areas were 

selected to represent areas burned under these same conditions. Areas with sparse 

oversiory trees appear misrepresented. These areas, however, are the same areas that are 

most likely to be misrepresented in the tlizzy classification of the fire produced in Chapter 

4 This modeling technique appears well suited to indicating the possible patterns of 

future fires that burn in conditions similar to those of the Coffee Pot Fire. 

(Target Journal, liiienictiionul Journal of WikUand hire) 

Conclusions 

The techniques presented here map. then model, the severity patterns of a recent 

forest fire The results of this research indicate that the incorporation of multispectral and 

terrain data can improve classification accuracy of potential fire hazards by 40%, over 

multispectral data alone Change in KT "greenness," and "wetness" features, are found to 

represent better the spatial patterns of surface fire, than changes in KT "brightness" 

features Fuzzy classification of these KT bands is found to otTer a range of fire severity 

information unavailable with maximum likelihood classification, thereby increasing our 

understanding of the spatial complexity of fire variability 



A practical technique to model potential fire patterns is investigated in this 

dissertation. This technique maps the degree to which unbumed areas share both terrain 

and multispectral characteristics with areas that burned with observed severity. The 

results of this model are compared to actual burn patterns of the Coffee Pot Fire. Areas 

that burned without suppression during the height of fire severity are best predicted by the 

model Areas with widely spaccd trees and grassy understory appear to be 

misrepresented, but this may be a consequence of inaccuracies in the initial flizzy mapping 

of the fire 
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CHAPTER 2 

Improving Thematic Mapper Based Classification of Wildfire Induced 

Vegetation Mortality 

Abstract 

In many areas suppression of wildfire has produced fuel 

accumulations that pre-dispose forests to undesirable fire behavior Image 

processing techniques can be used to combine different elements of terrain 

data into a single composite image This composite terrain image is used 

to improve the accuracy of a supervised classification of expected 

vegetation mortality in a 9000 hectare forest fire in the Cibola National 

Forest in New Mexico Error matrices indicate combining TM and terrain 

data provides a 40° o improvement in accuracy compared to TM data alone. 

Computer-assisted mapping of observed and potential patterns of wildfire 

can provide forest managers cost-effective tools for wildfire planning and 

ecosystem management 
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Foreword 

This chapter serves as a pilot study and illustrates the importance of including 

terrain data in an attempt to model potential wildfire induced vegetation mortality. It 

includes components of the terrain composite, clustering techniques, and the field 

sampling design discussed in Chapter 3 From this common starting point Chapter 2 

describes a technique for creating a change detection image based on change in spectral 

response of the Coffee Pot Fire area from before and after the 1994 tire. This change 

detection image then serx es as a test of the increased classification accuracy achieved 

through integration of terrain and pre-fire remotely sensed data. 

The discrete change detection methods in this chapter are e.xpanded and improved 

in Chapter 4. while the fire hazard maps in this chapter are improved in Chapter 5 The 

primar\' intention of this chapter is to demonstrate, w ith a simple test, the significance of 

including terrain data in an attempt to model potential fire etTects. 

Introduction and Background 

Most forest ecosystems have evolved with wildfire Over the last century, 

however, active suppression has reduced the frequency of wildfire in many forests. This 

has produced fuel accumulations that dispose forests to wildfires with increasing fire 

severity and larger patches of complete canopy mortality (Babbitt 1995, Baker 1992, 

Brown 19S5. Co\ ington and Moore 1994. Romme and Despain 1989, Swetnam and 

Betancourt 1990, Williams 1995) .Although fire has never been e.xcluded entirely, many 



forest managers are now restoring or "prescribing" fire in order to restore lower fiiel levels 

characteristic of pre-suppression forests (Babbitt 1995, Williams 1995). For these 

prescribed fires to be effective, forest managers must identify acceptable burning 

conditions. 

Planning prescribed tire requires that forest mangers identity areas most in need of 

treatment Forest managers need to know how an uncontrolled wildfire would bum, and 

they need spatial information that describes which areas might be subjected to canopy 

destmction With this information they can "target" prescription efforts to areas that 

would otherwise e.\perience the most undesirable burn patterns (Williams 1995). 

This chapter presents techniques applicable to the determination of potential fire 

risk. We use known vegetation mortality, from the 1994 Coffee Pot Fire in the San Mateo 

Mountains of New Mexico, to test our ability to model expected vegetation mortality 

using pre-burn TM and terrain data These same classification techniques could also be 

applied to unburned areas of the same mountain range, and possibly elsewhere in the U.S. 

providing forest managers with a valuable fire planning tool 

Our aim is to test the accuracy of mapping fire-associated vegetation mortality 

potential using satellite imagery from the Landsat Thematic Mapper (TM), and then 

demonstrate improved classification accuracy through the synergy of TM data and terrain 

data We introduce digital image processing techniques, typically used with remotely 

sensed data, for processing digital terrain data. By combining digital terrain data and TM, 



we demonstrate significant improvement in supervised classification of potential wildfire 

patterns. 

Remotely sensed satellite imagery from TM offers a cost-effective information 

source for the characterization of biophysical forest variables over large areas (Franklin 

1992, Jensen 1996, Lillesand and Kiefer 1994). TM data alone, however, do not capture 

all landscape properties that influence fire behavior (Jakubauskas et al. 1990, Yool et al. 

1985). In addition to vegetation (Fuels), terrain, weather, previous fire history, prior fire 

suppression, and other disturbances contribute to the spatial pattern of burning in complex 

ways. 

Geographic information systems (GIS) may offer tools that allow us to combine 

many of the data layers to represent variables that are significant determinants of wildfire 

burning patterns (Albini 1976, Barrett and Arno 1991, Burgan and Shasby 1984, Carapella 

1996, Chou et al 1990, Yool et al 1985). Combining data of potentially unknown 

accuracy or difTerent scales, however, affects map accuracy. Our intent is to minimize 

error through direct measurement of fire related variables using remote sensing and 

OEMs 

Synthesis of remotely sensed imagery and various spatial variables has been 

effective in improving classification accuracy of potential wildfire and predictive 

vegetation models (Chou et al 1990, Yool et al 1985) Vegetation classification, for 

example, has been improved through the incorporation of ancillary topographic data 

(Davis 1990, Franklin 1995. Hutchinson 1982. Strahler et al 1978, Strahler et al. 1980). 
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We test here whether multispectral data, or the combination of multispectral and terrain 

data, are sufficient to describe potential wildfire induced vegetation mortality. 

Study Area 

Our study area is in the San Mateo mountains in the Cibola National Forest of 

New Mexico (Figure I). These mountains are a typical Southwestern "sky-island." The 

elevation of these "basin and range" mountains causes them to have cooler temperatures 

and higher precipitation than the surrounding area. Prior to modem fire suppression 

efforts, the ponderosa pine habitat type in these ranges had tire frequencies from three-

si.xteen years (Swetnam 1990. Weaver 195 I) For the last tlfty years, however, fire has 

been suppressed relatively eHectively in the San Mateo range 

.A. mixed coniter habitat type is present at the highest elevations of the range. 

Much of the Coffee Pot Fire itself occurred in the ponderosa pine habitat type, which is 

generally below the mixed conifer habitat type. The lower elevations of the fire extend in 

to a pinion juniper habitat type, which is completely surrounded by warmer, semi-arid 

range lands (Alexander et al I9S7) This steep and topographically complex mountain 

range was the site of the June 1994, Coffee Pot Fire that burned 9000 hectares with 

unexpected se\ erity 



Western United 
States 

TM FCC of the 
Coffee Pot Fire 1994 

Figure 1. Map showing the location of the San Mateo mountains in New. The range 
lies about 140 kilometers southwest of Albuquerque. The area of the Coffee Pot Fire 
is shown in a false color composite (FCC) of Thematic Mapper (TM) data. Vegetation 
appears as red, while the burned area appears in green shades. 
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Data and Methods 

We acquired TM scenes before and after the June 1994 Coffee Pot Fire. Scenes 

were collected in early September to reduce seasonal variations, and to detect tree damage 

from the June fire The images were co-registered to the 30 meter pixel DEM mosaic 

used tor the terrain classitlcation. producing an overall error ot*0 5 pixels (15 meters). 

To link the DEM-generated terrain models and the TM data with ground 

observations, we sampled transects within the CotTee Pot Fire perimeter. A real-time 

global positioning system was used to obtain fixes on ground samples, permitting 

correlation of observ ed vegetation mortality with the geo-coded TM and terrain data sets. 

We developed ground-sampling methods to insure the ground data are represented within 

the 30m grid cells in both TM and DEM data sets 

The ground samples were used to create training sites representing three classes of 

vegetation mortality Spectral signature tiles were created that represent the spectral 

response pattern of each vegetation monality class in both the pre-fire and post-fire 

imagery Statistics generated from these signature files were used in supervised 

classification combining pre-tlre and post-tire data The image produced shows the three 

classes of vegetation mortality Classitlcation results are discussed in a following section. 



Constructing; the digital elevation mosaic 

A mosaic of USGS digital elevation models (DEMs) was constructed for the area 

containing the Coffee Pot Fire. Missing elevation values that appeared along the edges of 

the source DEMs were replaced with averages of the neighboring pixels. A rectangular 

window encompassing the tire perimeter was extracted from the concatenated DEM. The 

high points are several peaks that extend to over 3200 meters. Lower portions of the 

mosaic lie at about the 1800 meter level. 

Prodiicin}* the slope, aspect, and elevation images 

An elevation image was produced directly from data for each pixel in the DEM 

mosaic The mosaic was also used to produce slope and aspect images. Slope and aspect 

values were computed tor each pixel from the intbrmation in a three-by-three pixel 

window surrounding the pixel for which the new value was calculated. This created three 

spatially co-registered terrain images The slope image shows areas of low slope 

(drainage bottoms, and ridge tops) as darker linear features. The aspect image shows the 

compass direction of each pixel 

Aspect statistics require special consideration because, unlike the linear measures 

of elevation and slope, aspect measures are circular For example both 0° and 360°, 

though numerically at the extremes of the range of aspect values, represent North. To 

overcome this problem we classified aspect into a "rose" diagram of 8 groups, each class a 

45-degree arc (Gaile and Burt I<)SO) These aspect classes correspond to a combination 
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of solar incidence and ambient air temperature while in direct sun. Therefore the northern 

most directions had the lowest values, while the southernmost directions had the highest 

values (Figure 2) 

Creating the composite terrain inta};e 

Color composite images are typically used to show three bands of spectral data as 

a single color image In this way, information in the three input images is merged. Each 

spectral band is assigned red. green, or blue in a new composite image. We have used this 

protocol to assign colors to the values of elevation, slope, and aspect. The color 

composite of these three images thus represents the sum of information available from the 

terrain (Figure 3) 

Cliisterin}^ the composite inuiffe 

Clustering multispectral data is a common means of identifying dominant spectral 

response patterns (Lillesand and Kiefer 1994, Jensen 1996). Similarly, the composite 

terrain image, shown in Figure 3. u as clustered into homogeneous combinations of slope, 

elevation, and aspect .A three-dimensional histogram peak technique was used, which 

detects the combinations of slope, elevation and aspect that occur most frequently, then 

assigns pi.xels to the nearest peak frequency This technique is often used for unsupervised 

classification of false color composites, and is particularly usefljl in the absence of prior 
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North 

West 

South 

East 

Figure 2. Directional classification of aspect data, representing different insolation 

regimes. The value of'8' for example corresponds to greatest average 

insolation. 
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Figure 3. Color composite of slope, elevation, and aspect images showing the 

Coffee Pot Fire area. Note that the merged information from each of the three images 

can be seen in this composite. Elevation is apparent, aspect resembles shading, and 

slope is visible (notes areas of low slope on ridge tops and stream channels). 

1 

J 
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knowledge about scene complexity (Jensen 1996). Similarly, clustering the terrain data 

appears useful when little is known about the spatial complexity of the landscape. 

The analyst can adjust the number of clusters. Originally the false color composite 

was clustered vvith ail clusters retained. A histogram showing cluster modes was used to 

aggregate similar cluster groups, and the false-color composite was then re-clustered using 

the break points of these new groups. Remaining points were placed into the nearest 

cluster. This produced an image with 12 clusters (Figure 4). Each of these clusters 

represents a terrain with a similar combination of slope, elevation and aspect. 

Ground saniplinfi procedures 

The clustered terrain images were used to plan transects The sample was 

designed to assure field data were collected from as many of the terrain combinations as 

practical In the field we sampled along transect lines. Using each transect point as a 

central sample point, we also sampled 30 meters out from each of the four cardinal 

compass directions Fire and vegetation data were recorded at each of these points for a 

circle with a diameter of 20m (Figure 3) The resulting five-point sample design facilitated 

spatial agreement between the ground reference data and the 30m raster databases (Jensen 

1996) Specifically, a quadrat of 20m diameter nested within 30m intervals samples a 

poaion of every pixel recorded for that site This five-point design also permitted 

evaluations of whether observ ed \ ariables were uniform or mixed over areas larger than 

the 20m diameter samples 



Figure 4. Twelve terrain clusters, produced automatically from the false-color 

composite image shown in Fig. #3. 
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Each plot is a 20 
or meter circle 

Plots 30 meters apart 

ef5-e—e-g?-e 

Plot centers 200 
meters apart 

O 

Figure 5. Field transect design, showing sampling interval, and five circular 

quadrats at each sampling location. 
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Within each 20m quadrat, we sampled number, diameter, and species of trees, as 

well as forest type, slope, aspect, and the average vegetation mortality class. Vegetation 

mortality was classified into three classes (Table #1, Cottrell 1989). Class #1 represents 

areas where the passing tire killed no live plants, though some of these areas may have 

sustained light surface fire in dead fliels. Class includes areas where surface fire has 

killed understory vegetation. In this broad category we have included areas where 

individual trees have been killed while others have survived. Class ^3 represents only the 

areas with essentially complete canopy mortality. 
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Table 1 

Vegetation mortality classes 

Class # I no evidence of fire associated vegetation mortality. 

Calls ^2 surface burn with limited canopy monality. 

Class s3: complete canopy replacement 
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Image processing 

All post-fire candidate TM scenes contained some cloud cover. The post-fire 

image ultimately selected was cloud free over the largest area of the Coffee Pot Fire. 

Field data were used qualitatively to identity areas of uniform vegetation mortality. These 

areas were used to construct polygons representative of the vegetation mortality classes 

The polygons were used to determine the mean and range of spectral response, for TM 

bands 2. 3. and 4, typical for each of the vegetation mortality classes, both before and after 

the fire These statistics were then used as the basis for a maximum likelihood 

classification of the imagery 99° o of the pixels were classified into their best fit 

vegetation mortality class The remaining l?o represented mostly the few clouds and 

cloud shadows in the post-fire image This process created a change detection image that 

shows vegetation mortality classes (Figure 6). 

We re-used the same polygons as the basis for a supervised classification using a 

combination of pre-fire imager\- and the composite terrain image, (Figures 7 and 8). A set 

of 1000 stratified random sample points was selected from the change detection image 

produced from both pre-fire and post-fire imagery These 1000 points were used to 

construct error matrices to test the effectiveness of the pre-fire classifications (Table 2). 
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Figure 6. Supervised classification produced from TM data from beftjre and after the 

Coffee Pot Fire. TM bands 2, 3, and 4 were combined fr)r pre-fire and post-

fire images in order to detect the change caused by the fire. Areas subjected to 

complete canopy mortality are colored red. Surface fire is green, while no fire 

is blue. Black pixels are unclassified. 



Figure 7. Supervised classification produced from Pre-fire TM data, with the 

colors used as in Figure 6. 



Figure 8. Supervised classification produced fi-om a combination of pre-fire TM 

data and the terrain composite image (Figure 3). 
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Table 2 

Error matrices produced comparing Figure 6, to figure 7, (Top), and figure 8 

(bottom) Note the improvement in overall Kappa through the introduction of 

topographic data Also note the ratio of errors of omission vs. errors of commission in the 

canopy fire class 

Error Matrix. (Columns: change detection, rows: pre fire TM classification) 

no surfa cano total Com 

uncia 34 14 0 48 1.0 

no 432 45 0 477 0.094 

surfa 131 101 6 238 0.575 

cano 33 1 1 2  33 178 0.814 

total 630 272 39 941 

Oniis 0.314 0.628 0.153 0.398 

Overall Kappa = 0.3125 

Error Matrix. (Columns: change detection, rows: pre fire TM classification, 

with terrain) 

no surfa cano total Com 

no 477 36 0 513 0.070 

surfa 128 149 11 288 0.482 

cano 25 87 28 140 0.800 

total 630 272 39 941 

Omis 0.242 0.452 0.282 0.305 

Overall Kappa = 0.4356 
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Results and Discussion 

The supervised classification of pre-fire TM data, (Figure 7), and the supervised 

classification of both TM and terrain data. (Figure 8), were tested against the change 

detection image (Figure 6) One thousand stratified random sample points were used to 

test the ability of the pre-fire imagery to predict the spatial patterns of the fire. The results 

are shown in error matrices. The overall Kappa of the classifications produced from only 

pre-fire TM data is 0 3 145, (Table 2 top). The overall Kappa of the combined TM data 

and terrain data increases to 0 4356. (Table 2 bottom) These statistics essentially indicate 

the fraction of the test points that are classified identically in each image (Congalton and 

Mead 1983. Rosenfield and Fitzpatrick-Lins I9S6) 

Despite low overall Kappa values, the error matrices point to substantial 

improvement through the incorporation of terrain data. An improvement in overall Kappa 

value from 0 3 145 to 0 4356 may leave us shon of the accuracy necessary for carefiji 

forest planning Nevertheless, this ditVerence represents a roughly 40°/o improvement in 

classification accuracy This result highlights the potential contribution of terrain data 

when combined with TM data The relatively low overall Kappa value in these matrices is 

largely a reflection of the complicated nature of wildfire itself 

-An important point is that the pre-fire classification images are not intended to 

predict burn patterns exactly Rather, these images are intended to identify areas that 

exhibit the same set of biophysical and topographic factors that led to specific vegetation 

mortality levels in the CotTee Pot Fire. The pre-fire classification images are designed 



therefore to illustrate a poieniial fire surface Actual fire behavior is modified by a host of 

mitigating or exacerbating circumstances that influence the pattern of vegetation mortality. 

For example, the potential fire surfaces assume fire visits each pixel in extreme fire 

conditions similar to those that led to the vegetation mortality observed in the training 

sites Much of the CotTee Pot Fire, however, did not burn under the extreme conditions 

responsible for the areas of complete canopy mortality used in the training sites. 

Therefore, the pre-fire classifications are expected to over-predict the amount of canopy 

mortality This etTect can be seen by examining the ratio between the errors of omission 

and commission in the canopy fire classification (Table 2), Both matrices over-predict the 

complete canopy replacement class observed by more than a factor of 4 

•Another factor atTecting accuracy is the Forest Service's active suppression of the 

Coffee Pot Fire .As the fire progressed, fire lines were cut, aircraft suppressed hot spots, 

and fire crews worked for weeks to minimize the impacts of this fire. Furthermore, the 

fire did not "visit" ever\' pixel, much less burn every pixel, at the height of daily fire 

conditions. Finally, areas burning hottest and causing the greatest canopy destruction 

were targeted for aircraft supported suppression effbns As a result of these combined 

suppression efTorts, the change detection image understates the amount of canopy 

destruction that would have taken place without suppression. 

Other complicating factors include inherent variation in fire behavior. A sudden 

shift in burning dynamic may have occurred e\en though the fijels and terrain were 

homogenous .As a surface fire moves slowly up hill, for example, relative humidity may 



53 

be dropping while air temperature is rising, and the fire is preheating uphill fuels. A 

threshold may be crossed, enabling the fire to jump into the crowns, and the fire would 

precede up hill as a stand replacing event TM data would not be sufficient to differentiate 

the point at which the fire jumped to the canopy. In this complex case it may be possible 

to improve the classification potential ofTM data by incorporating other complex terrain 

variables. In the fi.iture, we intend to e.xamine terrain continuity, slope fi^rm (convex vs. 

concave), and fire-shed energy modeling, as additional variables for modeling fire spread. 

The pre-fire imagery can also clearly be seen to over-predict canopy mortality in 

the drainage bottoms that extend out from the fire This is caused by the extension of 

habitat types down into the drainages Increased water supply, shade, and cool air 

drainage all combines to support \ egetation communities normally tbund at higher 

elevations (Ale.xander 1987) The \ egetation in these drainages exhibits a spectral 

response pattern similar to the vegetation communities higher up on the peaks that were 

subjected to complete canopy mortality Far from being discouraging, these sorts of 

topographically driven anomalies give us confidence in the importance of continuing 

research into incorporating terrain and multispectral data. We have shown terrain 

contributes to the spatial patterns of wildfire. 

Conclusion and Recommendations 

We ha\ e shown in this stud\ that terrain contributes to the spatial pattern of 

wildfire It is necessan,- to improv e the classification accuracy of future techniques. 
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Nevertheless, the 40% improvement in overall Kappa obtained by incorporating terrain 

data indicates that this easily acquired data source can make a significant contribution to 

improved classification of tire patterns There are many techniques that could improve our 

information extraction from TM data. For example, TM bands 5 and 7 have been related 

to biophysical characteristics such as age and development of timber stand (Jakubauskas 

1996) Principal components analysis (PCA) can also assist in characterizing the 

biophysical characteristics and patterns of forest change (Eastman and Fulk 1993, Ekiundh 

and Singh 1993, Ingebritsen and Lyon 1990) Texture information has been used 

successfijlly to improve brush tire fuels classitlcation (Yool et al 1985). The modest 

overall kappa statistics in our results indicate that TM and terrain data are good building 

blocks for tire planning efforts 

Fire is inexorably linked to forest ecosystems. These techniques show great 

promise for producing inexpensive tire hazard potential maps TM and terrain can provide 

information about many determinants of tire which are embedded in the landscape. If 

these techniques can help us understand tire, we will ultimately be able to understand 

better the complexities of individual ecosystems, forests, and even species. Successful 

reintroduction of tire requires ongoing etforts to characterize the dynamic processes that 

determine the health, resilience, and integrity of forests. 



55 

References 

Albini, F A 1976 Compiifcr-Based Models of IVilcilanJ Fire Behavior: A User's 

Manual USPS General Technical Report. 

Alexander. B G Jr, E. L Fitzhugh, F Ronco Jr., and J .A. Ludwig. 1987 A 

Classificalion of I'ore si Hah Hat Types of the Northern Portion of the Cibola 

National T'orest. NeM Mexico USPS General Technical Report R.M-143. 

.Andrews. P L . L S Bradshaw. R E Burgan, C H Chase, and R .A. Hartford 1995. 

(f 'TAS: Wildland Fire Assessment Sysieiii-Status FJ95 Intermountain Research 

Station Missoula MT 

Babbitt. B 1995 To take up the torch: The Hidden Risks of Fire Tlxchision; How and 

IVhy H'e Must Return the TIaine to its Rightful I^kice tn ihe West DOI all-

employee distribution re-invention hotline special issue. 

Baker. W L 1992 EtTects of settlement and tire suppression on landscape structure. 

T:colo<:y 73 1S79-1SS7 

Barrett. S W . and S F .Arno 1991 Classif\'inu tire reuimes and detlnin" their 

topographic controls in the Sehvay-Bitterroot Wilderness. Proceedings of the I Ith 

Conference on Fire and T'orest Meieoroh>gy April 16-19. Missoula. MT. 

Brown. J K 1974 Technuines for Inventorying Dead and Downed Woody Material. 

L'SFS General Technical Repon 



Brown. J K I9S5 The "unnatural fuel buildup" issue In, Proceedings. Symposium and 

Workshop on Wilderness hire. USPS General Technical Report rNT-182. pp. 127-

128. 

Brown, J. K.. S F Arno, S VV Barrett, and J. P. Menakis. 1994. Comparing the 

prescribed natural fire program with presettlement fires in the Selway-Bitterroot 

Wilderness Infernafional./oiinial of Wild/and Fire 4: 157-168, 

Burgan, R E . and M B Shasby 1984 Mapping broad-area fire potential from digital 

tliel, terrain, and weather data Journal of Forestry 82: 228-23 1. 

Carapella. R. 1996 Assessing fire risk using a GlS-based approach FOM 22-24. 

Chou, Y H . R .A Minnich. L .A Salazar. J D Power, and R. J Dezzani. 1990. Spatial 

autocorrelation of wildfire distribution in the Idyllwild quadrangle. San Jacinto 

Mountain, California Pliologrammen-ic Fngineering d- Remote Sensing 56: 1507-

1513 

Congalton, R G , and R A Mead 1983 A quantitative method to test for consistency 

and correctness in photo interpretation Phoiogramtueinc F/ignieenng and 

Reinole Sensing 54 587-592 

Cottrell, W H Jr 1989. I'he Book of Fire Mountain Press Publishing Company. 

Missoula MT 

Covington, \V W . and M M Moore 1994 Southwestern ponderosa forest structure; 

changes since Euo-American settlement .Journal of Forestry 39-47. 



Davis, F VV , and S Goetz 1990 Modeling vegetation pattern using digital terrain data. 

Landscape [lo/o^y 4 69-80 

Eastman, R. J, and M, Fulk 1993 Long sequence time series evaluation using 

standardized principal components. Phoiogrammeiric Engineering ^ Remote 

Sensing 59 991-996. 

Eklundh. L . and A Singh 1993 .A comparative analysis of standardized and 

unstandardized principal components analysis in remote sensing. International 

.Journal of Remote Sensnig 14 1359-13 70 

Franklin, J. 1995 Predictive vegetation mapping: geographic modeling of biospatial 

patterns in relation to environmental gradients Progress in Physical Geography 

19 474-499 

Franklin, S E 1992 Satellite remote sensing of forest type and landcover class in the 

subalpine forest region. Kananaskis Valley, .Alberta ijeocarto International!. 25-

35. 

Gaile, G L , and J E Bun 1980 Directional Statistics C'a//»f>^i,'^ Geo.-JAi/mm. 

University of East Anglia Norwich UK 

Hutchinson, C F 1982 Techniques for combining Landsat and ancillary data for digital 

classification improvement Phoiogrammeiric Engineering and Remote Sensing 



58 

Ingebritsen, S E , and R. J. Lyon 1990 Principal components analysis of multitemporal 

image pairs Inleniaiional Journal of Remote Sensing 6: 687-696. 

Jakubauskas, M E , K. P Lulla, and P W. Mausel. 1990 Assessment of vegetation 

change in a fire-altered forest landscape. Phoiogrammeiric Engineering & Remote 

Sensing 56 371-377 

Jensen, J R 1996 Inirodiictory Digital Image Processing: .4 Remote Sensing Approach. 

Prentice Hall NJ 

Lillesand, T M . and R. W Kiefer 1994. Remote Sensing and!mage Interpretation. John 

Wiley & Sons NN' 

Romme, VV H , and D G. Despain 1989 Historical perspective on the Yellowstone fires 

of 1988 BioscieiicL' 39 695-99 

Rosenfleld, G H , and K Fitzpatrick-Lins 1986 A coefllcient of agreement as a measure 

of thematic classification accuracy Phoiogrammeiric Engineering and Remote 

Sensing 52 223-227 

Strahler, A. H , T L Logan, and N A Bryant 1978 Improving forest cover 

classification accuracy from Landsat by incorporating topographic information. 

Proceedings of the 12"' International Symposium on Remote Sensing of 

Environment Ann Arbor ML pp 927-942. 

Strahler, A H , J E Estes. P F Maynard. F C Mertz, and D A. Stow 1980. 

Incorporation of collateral data in Landsat classification and modeling procedures. 



Proceedings of the 14''' [niernaiional Symposium on Remote Sensing of 

Enviroimient Ann Arbor MI. pp 1009-1026. 

Svvetnam, T VV . and J L. Betancoun 1990 Fire-southern oscillation relations in the 

southwestern United States. Science 249; 1017-1020. 

Weaver, H 1951 Observed etTects of prescribed burning on perennial grasses in the 

ponderosa pine forests .lonrnal of Forestry 49: 267-70. 

Williams, T 1995 Only you can postpone forest fires Sierra July-August 1995: 36-43, 

67-69 

YooL S,, D Eckhardt. J Estes, and M Cosemino 1985 Describing the brushfire hazard 

in southern California Annals of the Assoc/anon of American Geographers 75: 

417-430 



Chapter 3 

Computer Assisted Terrain Stratification 

Abstract 

Terrain influences many ecological processes. Ecologists must thus 

consider terrain etTects in sampling designs Incomplete information on the 

ecological role of terrain, however, makes it difficult to account for terrain 

variability in sample designs As a panial solution we introduce a protocol 

that stratifies complex terrain automatically This stratification method 

uses image-processing techniques to cluster digital images of slope, 

elevation, and aspect into homogeneous groupings. The technique is 

demonstrated for a stratification of complex terrain disturbed by a large 

forest fire By identify ing terrain complexity at several resolutions, we 

were able to place transects that sample terrain variability and fire severity 

representatively across a controlled range of scales. 
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Foreword 

The remote sensing components of this dissertation require high quality ground 

data. To use TM and terrain data effectively it was necessary to visit the site of the Coffee 

Pot Fire and sample a large number of points. Random sampling strategies would have 

required an untenably large number of sample points, and would have placed researchers 

in considerable danger, as many areas of the fire were extremely remote and difficult to 

access. A robust system was necessary for judicious, unbiased, and representative 

placement of samples. This chapter discusses the digital image processing methods 

developed to determine the sample points. These methods are referenced in Chapter 2, 

but e.Kpanded here in full 

Terrain affects tire behavior (Rothermel 1972, Albini 1976, Barrett and Amo 

1991). The methods described in this chapter use image processing techniques to combine 

terrain data on slope, elevation, and aspect. Once combined these data are clustered to 

provide a spatial display of unique combination of these terrain components. These 

clustered terrain images are demonstrated for transect placement. The same techniques 

are tested on imagery of differing resolution in order to determine the sensitivity of the 

technique to changes in scale. 

This chapter also includes an e.xplanation of the data sampled for this research. 

These techniques will be further explained in the next chapters, particularly Chapter 4. As 

the techniques discussed here were the basis for much of the field work for this research. 

i  
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they are seen in varying detail in the other chapters, as are several of the figures and much 

of the description of the study area. 

Introduction 

Experimental designs and sampling procedures in field ecology should consider 

terrain variability and its potential relationship to the spatial distribution of biotic 

phenomena. The elements of terrain, elevation, slope, and aspect play complex roles in 

ecosystems. In either manipulative or mensurative field experiments, it is desirable to 

identify- the range and variability of factors that may affect a phenomena in question 

(Hurlbea 19S4) Because the full ecological impact of terrain is seldom known in 

advance, there is a risk of designing sampling protocols that fail to account for the 

influence of terrain. 

Elevation, slope, and aspect influence the composition and spatial pattern of 

organisms and communities Terrain can also affect the spatial distribution and magnitude 

of disturbance (Burgan and Shasby 1984. McCoy et al. 1986, Franklin 1995). Spatial 

patterns of phenomena such as insect infestations, species succession patterns, severe 

storm damage, and wildfire disturbance are linked to the spatial configuration, or "poses" 

of terrain. It is thus desirable that researchers examining such patterns design sampling 

schemes that account for terrain variability. 

Advances in computer-assisted methods offer new techniques for the analysis of 

complex terrain and other spatial data These techniques carry the computational power 
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to analyze large areas vvhile providing spatial information at fine detail. Digital image 

processing, in particular, is well suited to the study of terrain. Terrain data are often 

stored in raster format with each grid-cell representing a small area of the earth. Many 

digital image-processing techniques are also raster-based and can, therefore, be applied to 

digital terrain data. We demonstrate here an automated technique for digital image 

processing that stratifies terrain into relatively homogenous clusters of elevation, slope, 

and aspect. These stratified images are then used to guide the location of sample plots in a 

study of wildfire We go on to examine the sensitivity of this protocol to changes in 

resolution 

Background 

In the 19th century- many scientists believed the spatial ranges of organisms were 

limited by the single requirement in shortest supply, or the factor for which the organisms 

had the least tolerance (Liebig 1840). Liebig's "law of the minimum" assumed scientists 

could, with sufficient effort, identify the single factor limiting the distribution of individual 

species. The ecological community now accepts that a more complex interplay of many 

different variables often determines the distribution of organisms (Brown and Gibson 

1983). 

Many animals are affected either directly by topography, or by topographic 

limitations of organisms that sustain them (Ehrlich 1961). Though other factors, such as 

soils, competition, and predation. play impoaant roles in the spatial distribution of biotic 



64 

phenomena, distribution patterns of these factors are often associated with terrain 

conditions 

In a classic study of barnacle distribution, competition and predation were shown 

to exclude one species of barnacle from areas below an identifiable tidal threshold, even 

though the animal was capable of living in the lower zone in the absence of competition 

and predation (Connell 1961). Though competition and predation are the mechanisms of 

exclusion, the location of the barnacle communities are thus constrained by elevation 

gradients, as elevation controls position in the tidal range. Another example is pinion and 

juniper distribution in New Mexico Movements in the range of these communities are 

consistent with climatic changes and glacial periods (Betancourt 1984, 1990, Van 

Devender 1987, Swetnam 1990) These changes in distribution can again be described 

chietly as changes in the elevation range of the communities. 

The complex spatial patterns of biotic phenomena warrant careflil consideration of 

the variables that influence these patterns and therefore affect the study of those patterns. 

In many field based ecological studies, inadequate understanding of the potentially 

complex role of terrain may limit the identification and isolation of the variables 

contributing to the spatial distribution of biotic phenomena. 

Many of the sampling schemes and statistical tools used by ecologists have evolved 

from highly controlled single-variable experiments used in other disciplines (Hurlbert 

1984). More attention should be given to the extension of traditional sampling theory for 

the two-dimensional and even three-dimensional arrangement of variables in spatial 
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sampling (Harrison and Dunn 1993) In many ecological studies, study area size and 

accessibility preclude the use of large numbers of randomly placed samples. Samples must 

instead be placed caretlilly to capture the flill range of the phenomena in question, as well 

as the flill range of the factors potentially affecting the phenomena, while maintaining 

objectivity in sample placement. 

In this application, digital image processing techniques are used to extract 

elevation, slope, and aspect information from a digital elevation model (DEM). These 

data sets are then combined and analyzed to facilitate effective sample placement. The 

case study featured uses these techniques to place transects to sample vegetation change in 

areas burned by a large forest tire in New Mexico. 

Study Area 

The study area is 9000 hectares burned during the CotTee Pot Fire of 1994. This 

fire occurred in the San Mateo Mountains in the Cibola National Forest, approximately 

150 kilometers southwest of Albuquerque, New Mexico. These mountains comprise a 

typical Southwestern "Sky Island." Specifically, the elevation of these mountains provides 

lower temperatures and higher precipitation than the surrounding grass and shrub filled 

valleys Mixed conifer communities dominated by Psei(doisiiga menziesii (Douglas fir) 

occupy the highest elevations, while /'i/iusponJerosa (Ponderosa pine) dominates the 

middle range. The lower elevations contain pinion and juniper communities, surrounded 

by semi-arid range lands (Alexander et al. 1987). The spatial distribution of these forest 
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types, composition, and vegetation density are affected by elevation, slope and aspect. 

Finns ponderosa and PseuJoisugci menziesii, for example, are found at differing 

elevations depending on aspect and slope (AJe.xander et al. 1987), 

Goal and Objectives 

The goal of this study was to sample vegetation mortality caused by the Coffee Pot 

Fire. Though the complex burn patterns of forest fire are influenced by vegetation types, 

vegetation density, fuel moisture, climate, and suppression efforts, terrain is nevertheless a 

significant determinant of fire behavior and effects (Rothermei 1972, .Albini 1976, Barrett 

and Arno 1991. Turner and Romme 1994, Pyne et al. 1996). Because our understanding 

of the interrelationships between terrain and other variables affecting fire spread was 

incomplete, an automated protocol that stratified terrain was devised. Though such an 

automated protocol does not complete our understanding of all pertinent factors, it does 

indicate the predominant spatial patterns of terrain. 

The primary objective of this protocol was to insure field sample points were 

placed in a representative set of terrain poses This protocol was also intended to 

illustrate the potential utility of digital image processing techniques for terrain studies, and 

sample placement Data from these sample points were then used to associate spatial 

patterns of Thematic Mapper (TM) satellite images with sampled fire effects for use in 

classification and mapping of fire effects (Medler and Yool 1997). 
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Methods 

Constructing the Digital Elevation Mosaic 

A mosaic of 30 meter resolution United States Geologic Survey DEMs was 

assembled for the study area. Missing elevation values appearing along the edges of the 

source DEMs were replaced with averages of the adjoining pixels. To isolate the study 

area, a rectangular subscene containing the entire Coffee Pot Fire was extracted from the 

DEM mosaic Several peaks at the center of the DEM reach over 3200 meters, while 

lower portions lie around 1800 meters (Figure 1). 

Producing Slope, Aspect, and Elevation Images 

The DEM mosaic was used to produce elevation, slope, and aspect images. To 

accomplish this, slope and aspect values were computed in degrees for each pixel, from 

the information in the surrounding three-by-three pixel window. Three-by-three pixel 

windows were selected as larger window size introduces higher levels of aggregation and 

therefore reduces accuracy (Chang and Tsai 1991, Ryder and Voyadgis 1996). These 

procedures produced three spatially co-registered terrain data sets. 

Each of these three data sets was converted to an eight-bit grayscale image. To 

preserve the distribution of the original elevation and slope data, elevation and slope 

images were produced using linear displays of the original data values. This technique 

linearly regroups the original data into 256 classes. 
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Elevation 

Aspect 

Composite 

Figure 1. Slope, elevation, and aspect images are created from the original 

DEM data. Each of these new images was assigned to a single color gun. 

Elevation was assigned the color green, slope was assigned blue, and aspect 

assigned red. The brightness of the colors is a function of the value of each 

pixel in the input images. High elevation, for example, is shown by a brighter 

shade of green. The composite image contains all the information in the three 

input images. Elevation is visible, aspect is visible as a false shading effect, 

and areas of low slope, (ridge lines and drainage bottoms), are visible as linear 

features. 
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Aspect statistics, however, require special consideration because of their circular 

nature. Unlike elevation and slope, which are linear, aspect measures are circular. 

Specifically, 0 and 360 degrees both represent North. Slope and elevation data are linearly 

ordered. Though aspect data ranged from 0 to 360, personal interviews with several fire 

research professionals indicated we should define a small number of ranked classifications. 

We therefore classified aspect into a 'rose' diagram of eight classes, each class a 45 degree 

arc (Gaile and Burt 1980) 

These eight classes where ranked by solar and ambient heating contribution to fire 

behavior .Accordingly northern aspects have lowest values, while southern aspects, which 

receive the highest levels of insolation, have highest values (Figure 2). The nature of these 

combinations influence vegetation type, density, moisture contents, and fire behavior 

(Pyneetal 1996) 



Figure 2. The original aspect data is in degrees. Because of the circular 

nature of aspect, 0 and 360 degrees both represent North. In this directional 

classification of aspect data, the 360 degrees of aspect have been divided into 

8 classes. The values of the classes represent different insolation regimes. 

The value of '8' for example corresponds to southwest, which has the greatest 

average insolation and daily air temperature. 
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Creating the Composite Image 

Red-green-blue (RGB) false-color composite images are typically used in digital 

image processing of remotely sensed data, to visualize merged information from three 

spectral bands (Jensen 1996). Each of three spectral bands is assigned to either the red, 

green, or blue color guns of a display terminal. Higher pixel grayscale values recorded in 

a given spectral band increase the intensity of the assigned color. Pixels with high values 

in all three input images appear bright, while pixels with low values in all three input 

images appear dark A pixel with a high red value, but low green and blue values, for 

example, will be bright red 

In this application, a color composite protocol vvas used to assign colors to the 

values in the three terrain images Slope was assigned blue, elevation was assigned green, 

and aspect was assigned red. The eight aspect classes were linearly assigned such that the 

lowest to highest ranks ranged from the darkest to lightest tones of red. The color of any 

single pixel in this composite image thus unifies information available for that pixel in the 

three terrain images (Figure 1) Since the same terrain elements also influence fire 

behavior, these color patterns can be associated with fire behavior patterns (Rothermel 

1972. Albini 1976, Barrett and Amo 1991). 

Clustering the Composite Image 

Clustering and other unsupervised classification techniques are used in remote 

sensing to identify dominant spectral response patterns and associated spatial complexity 
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in images. These techniques operate interactively to search for an optimal allocation of 

pixels to unknown categories (Campbell 1996). When ground reference information is 

insufficient or surface features within the scene are not well defined, unsupervised 

classification techniques are commonly used to identify areas likely to share physical 

characteristics, (Jahne 1991, Jensen 1996). The spatial arrangement of these clusters is 

related to the spatial arrangement of the surface features that determine the spectral 

responses of each pi.xel (Jensen 1996) 

The spatial nature of this gridded terrain data set is analogous to several bands of 

multispectral data Lacking complete understanding of the role of terrain in fire behavior, 

we therefore use image based unsupervised classification to identify areas with 

homogeneous combinations of slope, elevation and aspect (Figure 3). For this application 

the composite image was clustered using an image based three-dimensional RGB 

histogram peak method (Richards 1993, Eastman 1996), This technique is most easily 

described in a single dimension .A histogram showing the frequency of data values is 

analyzed to identifv' points in the histogram with lower values immediately on either side 

(Figure 4 upper). These "peaks" are then used as centroids, with all other points assigned 

to the nearest centroids These peaks are taken to represent the "naturally" occurring 

groupings of the data (Richards 1993). 
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10 Clusters 
15 Clusters 

Figure 3. The composite image contains the sum of the spatial information in 

the three input terrain images. RGB clustering was used to produce an image with 56 

separate clusters. Aggregation was then used to produce these three cluster images. 

Because the images are derived from the same 56 clusters, the different levels of 

aggregation can be seen to be somewhat redundant. 
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Histogram #1 
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Clusters 

Histogram #2 

Figure 4. A histogram showing the relative membership in each of the 

groupings produced when the terrain composite image in figure I was clustered. 

Breaks in the membership of these clusters are visible between clusters 5 and 6, and 

again between clusters 10 and 11. This histogram helps determine the "naturally" 

occurring number of terrain classes found in the composite image. New images can 

be produced with the analyst predetermining a total number of clusters. After this 

number Pixels in the remaining clusters will be assigned to the nearest cluster. 
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In this study the terrain composite image was initially clustered identifying 56 

histogram peaks, each used as the centroid to identify unique combinations of the three 

terrain components Each of these 56 unique combinations of terrain may occur in many 

locations, or even as several freestanding pixels. This large number of clusters is difficult 

to interpret and many of these clusters consist of only a few pixels. It is therefore 

reasonable to aggregate these clusters into a groups that indicate the predominant terrain 

combinations. To accomplish this, a second histogram showing the number of pixels in 

each of these 56 clusters was used to rank these clusters by membership (Figure 4 lower). 

The color composite was re-clustered using the levels of aggregation suggested by the 

breaks in the histogram (Eastman 1996). Images with 5, 10, and 15 clusters where 

created (Figure 3) 



Results and Discussion 

Placing Transects 

Placement and selection of transects was guided by several considerations. Pre-

fire and post-tire TM images were examined to determine the likely spatial patterns of the 

fire. Our intention was to place samples that represented the entire range of fire effects. 

Regions of the fire containing visible change between the two images were identified. 

These images, which were registered to the terrain data, also contained areas of cloud that 

had to be eliminated from potential study sites. Pro.ximity to trail networks helped 

determine areas accessible within time constraints 

Once general areas of the tire were identified on the TM imagery, we explored a 

set of clustered terrain images We started with the minimum of 2 clusters then examined 

the cluster images with aggregations of 5, 10 and 15 clusters (Figure 5). 

This iterati\e process produced maps of 12 likely transects ranging in length from 

5 to 10 kilometers Each of these transects traversed at least eighty percent of the clusters 

regardless of aggregation. The clustered images also allowed us to adjust our sampling 

strategy in the field Specifically, alternative transects were identified in the field when 

planned transects jeopardized researcher safety because of lightning storms and new 

wildfires 
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5 Clusters 

15 Clusters 

Figure 5. Windows have been extracted from each of the cluster images in 

Figure 3. Identical transects have been subjectively placed on all three images. Each 

transect visits a majority of the terrain posses identified in the various clustering 

images. This indicates that areas prone to a wide range of topographic poses are 

indicated in these images regardless of the level of aggregation used on the original 

fifty six clusters. 
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Scale 

A phenomenon such as fire may be controlled by terrain variations that occur at a 

scale finer than 30 meters Conversely, a phenomenon may be affected by terrain patterns 

that manifest themselves at a broad scale It is necessary, therefore, to examine the effects 

of the 30 meter resolution of the DEMs used here. To determine whether our results were 

independent of the 30 meter grid cell size, we used the automated protocol described here 

to e.\amine DEMs of differing resolution. The original DEM mosaic was aggregated to 

create DEMs of lower resolution. To test whether the size of the windows used to create 

the slope and aspect images produced simplification or autocorrelation of spatial patterns, 

we aggregated the original DEM to create a new DEM with 90 meter grid cells. We also 

chose to examine a DEM with aggregation representing an entire order of magnitude, 

therefore we created a DEM vsith 300 meter grid cells. These 3 DEMs were each 

subjected to the terrain composite and clustering technique discussed here. Images were 

produced from each DEM with 5 clusters (Figure 6). 

Each of these 3 cluster images was subjected to a Moron's I test of 

autocorrelation, using a kings-case algorithm. The results of Moran's I tests range from -

1 to 1, where 0 indicates random spatial patterns, and 1 indicates a uniform patterns. The 

30 meter DEM produced a cluster image with a Moran's I of 0 4165, indicating a 

moderate amount of spatial autocorrelation The 90 meter DEM produced a 5 cluster 

image with a .Moran's I of 0 4399. indicating a similar amount of autocorrelation. The 
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Figure 6. These images demonstrate the results of the protocol described in 

this paper when carried out on DEMs of three different resolutions. Image 1 was 

produced from a DEM with 30 meter pixels. Image 2 was produced from a DEM 

with 90 meter pixels, while image 3 was produced from a DEM with 300 meter 

pixels. Images 1 and 2 can be seen to have a similar pattern of clusters. Image three 

shows considerable spatial simplification. It is important to remember that the slope 

and aspect images are produced from 3 by 3 pixel windows. In image 3 the result is 

areas of 81 hectares being averaged to a single slope or aspect value. 

ill 
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300 meter DEM, however, produced a 5 cluster image with a Moran's I of 0.7376, 

indicating an increase in autocorrelation. 

It is of course desirable to use DEMs capable of resolving the spatial pattern of the 

variable in question Nevertheless, examination of the 3 images in Figure 6 reveals many 

possible transects that maximize the topographic poses visited regardless of resolution. 

Terrain Visuulizntion 

Many studies in bioueography could benefit from intuitive techniques for 

visualization of the terrain complexity driving biological variability. Terrain cluster 

images, such as those presented here, can be overlaid onto three-dimensional elevation 

images, producing perspective views of areas (Figure 7). Perspective views facilitate 

three-dimensional visualization of the spatial arrangement of these terrain classes. Studies 

and management of habitat suitability, fore.xample. might benefit from visualization of the 

spatial complexity of the terrain factors that might limit the range of a given organism. 

Rather than defining broad scale regions in which a single species might thrive, this type of 

visualization tool can help indicate the level of terrain complexity in a given area, and 

perhaps the spatial fragmentation of the habitat in question. 



Figure 7. The 10 cluster image from figure 2 has been draped over a 

visualization of the DEM. Three-dimensional representation of terrain clusters 

help analysts visualize the patterns and complexity of terrain. 
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Assisting Image Classification 

The terrain composite image described here was also used to improve the accuracy 

of satellite derived "potential fire-induced vegetation mortality" images (Medler and Yool 

1997) A traditional supervised classification technique was used to create a potential fire 

hazard image from pre-fire satellite imagery This image illustrated areas that had pre-fire 

spectral response patterns similar to sample points that had known vegetation mortality. 

Another supervised classification image was then produced using the same training and 

TM data, but with the addition of the terrain composite image. The accuracy of these two 

images was assessed against the actual burn patterns of the fire to determine value-added 

of the terrain data Error matrices indicated that combining TM and terrain data provided 

appro.vimateiy 40° o improvement in accuracy over TM data alone (Figure 8). 

Further Considerations 

As DEMs of higher resolution become available, it will be necessary to consider 

the effects finer-grained analysis may have on the ability to capture phenomena occurring 

at broad scales It may even be necessary to aggregate such higher resolution DEMs to 

better represent the spatial frequency of the phenomena in question. 

In the study of fire, and most other biotic phenomena, second-order terrain 

characteristics could also be significant. It is important, for example, to recognize the 

potential significance of slope form (conve.x versus concave) or the rate of slope change 

(increasing versus decreasing steepness) (Allen and Walsh 1996). In watershed analysis, 

il 



83 

Figure 8. The composite image from figure 3 was used to improve the accuracy 

of a "potential fire-induced vegetation mortality" images, (Medler and Yool 1997). 

Image 1 shows a change detection produced from both pre-fire and post-fire TM data. 

Canopy replacement is colored red, surface fire is colored green, and unbumed areas are 

colored blue. Image 2 is the result of traditional supervised classification techniques, in 

which field-data were used to define training polygons of known fire effect. These 

training areas were then used to extract pre-fire spectral response patterns associated 

with known fire effects. Image 2 shows a "potential fire surface" based on this 

classification. 

Image 3 was produced using the same training polygons and pre-fire TM data 

with the addition of the terrain composite image from figure 3. These two images where 

tested against the actual bum patterns of the fire to determine if the terrain data 

improved the information extracted from the satellite data. Error matrices indicated that 

combining TM and terrain data provided approximately 40% improvement in accuracy 

over TM data alone. 
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contributing watershed upstream of an area is of great importance. In fire, contributing 

"fireshed" below an area may also be significant. These types of additional spatial data 

may be advantageously incorporated with slope, elevation, and aspect. Though more than 

three input images would preclude the use of RGB clustering, other image based 

clustering algorithms such as Isodata clustering can be used for larger numbers of input 

images (Jensen 1996). Further work in digital terrain analysis should examine the 

incorporation of a host of these e.xpressions of terrain. 

Conclusions 

Digital image processing techniques otTer tools for analyzing and synthesizing 

complex spatial configurations of terrain and biotic patterns. The raster nature of DEMs 

allows effective use of image processing for modeling the spatial arrangement of terrain. 

These images are also easily combined with remotely sensed data. 

The technique described here is a simple method for combining elevation, slope, 

and aspect data Image based clustering of these three terrain components illustrates the 

spatial arrangement of areas with similar terrain poses. This information facilitates sample 

placement and spatial analysis of the complex influence of terrain on wildfire, and more 

generally provides ecologists and biogeographers a robust method for automated 

stratification of terrain 
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Chapter 4 

Fuzzy Classification of Forest Fire 

Abstract 

This chapter develops and tests new techniques using fiizzy 

classification for forest fire mapping. Such 'softened' classification 

techniques are an innovation in spatial change detection. Many phenomena 

involve changes in the characteristics of an area. Mapping such changes 

can be caicial to understanding them. Many patterns, however, do not 

occur in the discrete 'hard' classes easily mapped by traditional thematic 

mapping techniques. Fuzzy classification techniques may also be better 

suited to the imprecise nature of most human thinking. This research thus 

represents an advance in the spatial representation of forest fire, and offers 

insight into other spatial applications of fuzzy logic. 

Field data are used to compare fuzzy and traditional maximum 

likelihood classification of vegetation mortality. A Kauth-Thomas (KT, or 

'Tasseled Cap') transformation of thematic mapper (TM) data produces 

brightness, greenness, and wetness features used for the classifications. 

Spectral response patterns from 26 field samples are used for image wide 

classification of three categories of fire caused vegetation mortality. 
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Results of this procedure are presented in tables, allowing 

comparison of the classification techniques. KT greenness and wetness are 

found to best represent spatial variability of surface fire effects. Fuzzy 

classification is found to offer a range of subtle fire severity information 

unavailable in maximum likelihood classification. Both fuzzy and 

maximum likelihood classifiers are found to be least effective in areas with 

widely spaced trees and extensive ground cover In these areas it appears 

that changes in the understory overwhelm any signal from the overstory. 

and are thus classified as changes in the overstory 

Foreword 

This chapter builds on the previous chapters to develop and evaluate a new 

technique for mapping forest fire severity The field sampling techniques described in 

Chapter 3 are discussed again, with added explanation of the actual field measures taken. 

This chapter is prepared for the readers of The Professional Geographer. The 

emphasis of the chapter is improved techniques for spatial analysis and cartographic 

display of wildfire The chapter is also intended to demonstrate a technique for improved 

mapping of biophysical phenomena that exhibit a continuous gradient. Fuzzy classification 

in particular is emphasized, and compared to a more traditional maximum likelihood 

classification. The results of this mapping effort provide the base-line change detection 

data for the fire hazard mapping described in Chapter 5 
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Introduction 

Wildfire policies are shifting. After years of aggressive fire suppression, it is now 

widely acknowledged that fire is an integral part of many healthy ecosystems (Baker 1992, 

Covington and Moore 1994, Babbitt 1995, Pyne et al. 1996). As early as 1922 Aldo 

Leopold attributed "undesirable" changes in the landscape to fire suppression and grazing 

practices (Leopold 1922). As a result of this growing understanding, fire is increasingly a 

component of ecosystem management plans intended to promote forest health (Kolb et al. 

1994. Babbitt 1995. Philips 1995, Williams 1995 ). Unfortunately the years of suppression 

may have caused fijel buildups predisposing some areas to hotter and more destructive 

fires (Brown 1985, Baker 1992, Babbitt 1995). For fire planning to be effective we must 

monitor whether fires are bringing about desirable changes. It is necessary, therefore, to 

develop geographic tools that can map the elTects of fire. 

Remotely sensed satellite imagery enables cost-effective collection of wildfire data 

and production of wildfire maps (Jakubauskas et al. 1990, Harris 1996, White et al. 1996). 

Traditional remote sensing techniques, however, rely on discrete classification, whereby 

pixels are assigned to predetermined categories. Because of the continuous gradation of 

burn patterns, such classification may over-simplify the spatial complexity of wildfire. 

This chapter tests whether such gradations may be mapped more accurately using 

classifiers based on fuzzy set theory (Zadeh 1965. Wang 1990 a, b, Kosko and Isaka 

1993). 
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The objective of this study is mapping vegetation mortality associated with a forest 

fire. First we provide background on remote sensing, wildfire, and fuzzy set applications, 

followed by an explanation of the techniques used to gather field data. These data are 

used for both fiizzy classification and a traditional maximum likelihood classification of 

vegetation mortality The results of each classification technique are presented in tables 

and classification images are produced to compare the visual quality of these techniques. 

Background 

Remote Sensing and IVlhlfire 

Many characteristic efiects of wildfire, such as vegetation mortality and soil 

discoloration can be detected with remote sensing (Jakubauskas et al. 1990, White et al. 

1996). Satellite remote sensing has been effectively demonstrated for classification of 

wildfire severity as well as post-fire recovery and fire hazards (Burgan and Shasby 1984, 

Yool et al. 1985, Milne 1986, Jakubauskas et al. 1990, Turner et al. 1994, White et al. 

1996, Medler and Yool 1997). 

In this work we develop techniques that can be generally applied to mapping 

historical fires. We therefore use data from Thematic Mapper (TM), which has been 

recording multispectral data since 1982. New satellite systems are becoming available 

with higher spatial and spectral resolution than TM. Data from these new systems, 

however, are not available for most historical fires. TM data was also selected because we 

wished to explore the applicability of a Kauth-Thomas linear transformation (KT or 
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'Tasseled Cap') to wildfire mapping (Kauth and Thomas 1976, Crist and Cicone 1984 a, 

b, Crist and Kauth 1986, Collins and Woodcock 1996). This transformation has been 

developed specifically for TM data, and recent work has indicated KT offers effective 

classification of vegetation mortality patterns associated with wildfire (Patterson and Yool 

forthcoming). 

TM scenes from before and after a wildfire can constitute extensive data for 

wildfire mapping The pi.xel resolution of TM, however, is 30 meters and wildfire does 

not burn uniformly within these units .Most wildfires bum in a mosaic with spatially 

complex patterns of varying fire severity (Turner and Romme 1994, Pyne et al. 1996). 

Many areas of fires may e.xperience a range of fire severity Large areas within a fire's 

perimeter may remain entirely unburned, while nearby areas experience complete canopy 

destruction (Ryan and Noste 1985, Cottrell 1989, Pyne et al. 1996). It is likely, therefore, 

that many TM pixels will represent mixtures of fire effects This mixture makes it difficult 

to classify individual pi.xels discretely To map these complex patterns effectively we, 

therefore, develop techniques based on fuzzy set theory. 

Fuzzy Set Theory 

Traditional set theory requires that all individuals either are, or are not, members of 

a given set (Zadeh 1965). .A person, for example either is, or is not, a member of the set 

of tall people. Fuzzy set theory, however, allows individuals "fuzzy" or partial 
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memberships in several categories. A moderately tall person may only have partial 

membership in the set of tall people. 

A classification scheme based on fuzzy logic can overcome some of the long

standing problems associated with using remote sensing to classify continuous phenomena 

(Kosko and Isaka 1993, Kent and Marida 1988). Maximum likelihood classifiers, for 

example, use the statistical distribution of spectral response patterns of known areas to 

assign individual pixels to the most likely classification. By contrast fuzzy classification 

determines each pixel's relative membership in any number of classes, presumably 

avoiding the loss of relative class membership information (Robinove 1981, Richards and 

Kelly 19S4, Campbell 1996. Jensen 1996) Fuzzy classification techniques may also be 

better suited to relating natural phenomena in a way similar to the imprecise nature of 

most human thinking (ACM. 1984. Jensen 1996). 

Fuzzy classification has been applied effectively to mapping forest parameters such 

as forest type and vegetation density (Foody 1992, Maselli et al. 1995). Because wildfire 

patterns appear strongly linked to vegetation patterns, it is reasonable to apply flizzy 

classification to fire severity Fuzzy classification, however, does not lend itself to the 

tools traditionally used for accuracy assessment. Most of these traditional methods rely on 

the binarv- nature of discrete classification to evaluate whether pixels are classified 

correctly or incorrectly (Jensen 1996) The accuracy of a fijzzy pixel is more complex. 

Each pixel may share membership in several categories. Determining correct vs. incorrect 

thresholds of membership may overlook the complex subtleties of the information 
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expressed with fuzzy classification. Much work, therefore, remains to develop methods to 

test the effectiveness of fijzzy classification algorithms (Campbell 1996, Canters 1997). In 

this study we use a "'jack-knife," or "leave one out," technique to test and compare the 

effectiveness of both maximum likelihood and fuzzy classification (Masselli 1995). 

Study Area 
V 

The study area is a region burned in 1994 by the 9000 hectare Coffee Pot Fire. 

This fire occurred in the San Mateo Mountains in the Cibola National Forest 

approximately 150 kilometers southwest of Albuquerque New Mexico (Figure I). These 

mountains are a typical Southwestern ""sky island." The elevation of these mountains 

provides cooler temperatures and higher precipitation than surrounding areas. Mixed 

conifer communities occupy the highest elevations. Finns ponderosa (Ponderosa pine) 

dominates the middle range. The lower elevations contain Pinus edulis (pinion) and 

Jiiiiipenis (juniper) communities, surrounded by semi-arid ranch lands (Alexander et al. 

1987). 

Fire officials and researchers believe fuel build-ups have rendered the San Mateos 

and many other Southwestern ranges vulnerable to tires of unprecedented size and severity 

(Cooper 1960, Swetnam 1990, Macdonald 1996). The Coffee Pot Fire, produced 

unexpectedly large patches of canopy mortality (Macdonald 1996). For future fire 

planning in the San Mateos. Forest Service ofTtcials would like to know what sort of burn 

patterns to expect. This tire otTers a model of what can be expected from future fires in 
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the area under similar conditions The first step in analyzing what happened in the Coffee 

Pot Fire is to map the extent and severity of its burn patterns. 
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Figure 1. A 1994 Landsat Thematic Mapper (TM) image showing the area of 

the 22,000 acre Coffee Pot Fire. In this RGB (red, green, blue) false-color composite 

image TM bands 2, 3, and 4 have been combined. Band 4 is colored red, therefore 

bright red areas have high reflection in the near infrared, (indicative of live vegetation) 

The areas with extensive vegetation mortality associated with the fire appear greenish. 

This image is approximately 15x21 kilometers, and is located in the San Mateo 

Mountains approximately 150 kilometers SW of Albuquerque New Mexico. 
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Data 

Field Sample Placement 

EfTective classification of satellite data requires accurate ground data (Lillesand 

and Kiefer 1994, Campbell 1996, Jensen 1996). To associate spectral response patterns in 

TM data with specific fire severity, extensive field data were gathered. The large size and 

inaccessibility of the Coffee Pot Fire required judicious placement of ground samples 

(Medler et al 1996) 

Terrain is a significant determinant of fire behavior (Rothermel 1972, Albini 1976, 

Barrett and Arno 1991) To limit over-sampling or under-sampling in particular terrain 

poses it was necessary to develop a sampling scheme that considered the possible effects 

of terrain in the spatial patterns of fire (Hurlbert 1984), A digital image processing 

technique for automated terrain stratification was developed to design a sampling strategy 

for the placement of sample plots in the field (Medler et al. 1996, Medler and Yool 1997). 

This stratification was used to ensure samples were placed in a wide range of terrain 

poses, (i.e., unique combinations of slope, aspect, and elevation). 

Post-fire TM image values were subtracted from pre-fire images to identify areas 

that contained various degrees of change between the two images. This subtraction 

image, which was spatially registered to the terrain data, also contained areas of cloud that 

had to be eliminated from potential study sites (Figure 1). Trail proximity determined 

areas accessible within time constraints. A qualitative analysis of the subtraction image 
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and the terrain stratification images identified linear transects that traversed a maximized 

range of terrain poses while also representing the full range of change between the two 

images (Medler et al. 1996, Medler and Yool 1997). This process produced a map with 

12 candidate transects ranging in length from 5-10 kilometers. 

Field Data 

In the summer of 1996 we visited 8 of the 12 transects and collected data from 

nearly 500 individual circular plots. The sample placement procedure outlined above was 

used to ensure field data were collected from a wide range of terrain poses. Samples were 

taken along the pre-determined transect lines at constant intervals. To link the DEM-

generated terrain models and the TM data with ground observations, a real-time global 

positioning system (GPS) was used to obtain spatial coordinates of ground samples, 

permitting accurate correlation of observed vegetation mortality with the geo-coded TM 

and terrain data sets 

Each transect point was used as a central point of a circular plot with a 20 meter 

diameter. We also sampled 20 meter circular plots with centers 30 meters out in each of 

the cardinal compass directions Fire and vegetation data were recorded for each of these 

circular plots (Figure 2). The resulting five-point sample design facilitated spatial 

agreement between the ground reference data and the 30 meter raster data sets (Jensen 

1996). Specifically, the individual pixel corresponding to the transect point was sure to be 

sampled by some combination of the five circular plots. The data sets and the GPS data 
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were co-registered with a root-mean-square (RMS) of less than 15 meters (Lillesand and 

Kiefer 1994). If the observed fire severity were uniform across all five circular plots, the 

pixel sampled an area with uniform fire severity. If, however, the five circular plots 

sampled a range of fire severity, we could be reasonably certain the corresponding pixel 

represented flizzy fire severity (Figure 2). 

Within each 20 meter circular plot, we sampled number, diameter at breast height, 

and species of all trees, as well as forest type, slope, aspect, and average vegetation 

mortality class. Vegetation mortality was grouped into three classes (Table 1). Class I 

represents areas with no significant fire caused plant monality, though some of these areas 

had sustained light surface fire in dead fuels Class 2 includes areas where surface fire had 

killed understory vegetation This broad category includes areas where individual canopy 

trees had been killed, while others had survived. Class 3 represents only the areas with 

essentially complete canopy mortality. Membership in each class was also noted in a "plus 

or minus" format In this way each class was also subdivided into three subclasses. For 

example, a plot with nearly complete canopy mortality, but one tree still living, would be 

classified "3 minus," while a plot with extensive surface fire, and some unbumed area 

would be classified "2 minus " 
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Table 1 

Vegetation mortality classes 

Class »1: no evidence of fire associated vegetation mortality. 

Class #2: surface bum u ith limited canopy mortality. 

Class complete canopv' replacement 
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Figure 2. At each of the five yellow circular plots slope and aspect are 

recorded, as well as vegetation data, including vegetation mortality classification. 

The blue square represents the registered location of the pixel associated with the 

transect point. The red figure indicates the potential location of the pixel, given the 

registration (RMS) of 15 meters. Heterogeneity among the five circular plots 

indicates tliat the fire effects are likely to be heterogeneous or "fiizzy" in the area 

sampled by the pixel. 
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Satellite Data 

The TM scenes used were acquired before and after the June 1994 Coffee Pot 

Fire. All post-fire candidate scenes contained some cloud cover. The post-fire image 

ultimately selected was cloud free over the largest area of the Coffee Pot Fire. The scenes 

chosen were both acquired in early September to reduce seasonal variations and to allow 

tree damage from the June fire to become detectable in the post-fire scene. 

The pre-tire image was geo-referenced to the USGS 30 meter DEM mosaic used 

for the terrain stratification, with less than 15 meter RMS error. The post-fire image was 

co-registered to the pre-tire image using on screen control points. The RMS error for the 

post-fire image was also less than 15 meters. Both images were resampled using a nearest 

neighbor algorithm (Lillesand and Kiefer 1994) 

Each image vvas also subjected to atmospheric correction. Because of the 

extensive cloud cover in the post-fire image we were unable to use image regression, and 

lack of open water limited the utility of dark-body subtraction techniques (Lillesand and 

Kiefer 1994, Jensen 1996). A histogram ofTset technique was used, therefore, to adjust all 

spectral bands through linear subtraction to bring the minimum value of each band to zero 

(Campbell 1996, Jensen 1996). 
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Methods 

Kauth Thomas Transformation of TM Data 

To reduce atmospheric etTects, compress the TM data, and relate TM spectra to 

fire phenomena, both pre-tlre and post-fire images were subjected to a Kauth-Thomas 

(KT) linear transformation (Kauth and Thomas 1976, Crist and Cicone 1984 a, b, Collins 

and Woodcock 1996, Patterson and Yool forthcoming). This transformation converts the 

six highly correlated spectral bands of TM data to six nearly orthogonal bands of data. 

Much of the data's variability is captured in the first three new KT bands, while noise and 

atmospheric effects are concentrated in the last three bands (Kauth and Thomas 1976, 

Crist and Cicone 19S4 a, b). Unlike many other linear transformations used in remote 

sensing the coefficients for KT are not derived from the data themselves. The KT 

transformation is, instead, calculated using a predetermined set of coefficients for each 

band (Table 2) It is, therefore, insensitive to the variability of the data being transformed. 

This allows KT transformations to be compared across regions, and more importantly it 

has allowed the KT bands to be highly associated with physical properties of surfaces, 

including vegetation and soil moistures. KT bands 1, 2 and 3 have been described as 

representing "brightness, greenness, and wetness" (Kauth and Thomas 1976, Crist and 

Cicone 1984 a. b). The designations of these 3 bands are associated with the phenomena 

best represented by each band The coefficients are used to weight each new KT band 

such that it is a reasonably good indicator of the "'brightness, greenness, or wetness," of 

each pixel. 
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Table 2 

Kaiith-Thomas transformation coefficients for TM 5. 

KT Band Band 2 Band 3 Band 4 Band 5 Band 6 

TMl 0.2009 -0.2728 0.1446 0.8461 0.0549 0.1186 

TM2 0 2493 -0.2174 0.1761 -0.0731 -0.0232 -0.8069 

TM3 0 4806 -0 5508 0 3322 -0 4640 0.0339 0.4094 

TM4 0 5568 0 7221 0 3396 -0.0032 -0.1937 0.0571 

TM5 0.4438 0.0733 -0.6210 -0.0492 LO.7823 0.0220 

TM7 0.1706 -0 1648 ^0.4186 0.0119 -0.7823 0.0220 

Additive 10.3895 -0,7310 -3 3828 0.7879 -2.4750 -0.0336 
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Though the KT transformation was deveioped originally for agricultural 

applications, tlirther research has indicated this transformation is also effective for 

mapping wildfire induced forest mortality (Patterson and Yool forthcoming). 

After both pre-fire and post-fire TM scenes were transformed, the resulting KT 

images were subtracted pixel by pixel to create change images associated with fire-induced 

changes in brightness, greenness, and wetness (Figure 3). Each pixel in these AKT 

(Change in Kauth Thomas values) images, therefore, represents a change between the two 

years. These three images were then used as the basis for all change detection work 

presented here 

Fuzzy Classification 

Field data were examined to locate the transect points with the most uniform fire 

severity. 13 points were found with uniform Class 2 severity (surface fire). Another 13 

points were found with relatively uniform Class 3 severity (complete canopy replacement). 

Because of the fuzzy nature of the burn patterns, many of the Class 3 points contained 

some heterogeneity of observed fire severity (Table 3). 

For each of these Class 3 field samples, a standard deviation was computed from 

the field values (Table 3). .A standard deviation of zero indicates all five points shared 

identical observed fire severity. Because so few Class 3 points were homogenous, it was 

necessary to include points with a range of standard deviations. Table 3 indicates the 

relative standard deviations of these field points. 

i) 
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BAND 1 BRIGHTNESS 
92-94 DIFFERENCE 

BAND 2 GREENNESS 
92-94 DIFFERENCE 

BAND 3 WETNESS 
92-94 DIFFERENCE 

Figure 3. Each image represents change from before and after the Coffee Pot 

Fire. Tne pre-fire and post-fire TM data was subjected to a Kauth Thomas (KT, or 

tasseled cap) linear transformation. This transformation creates three new bands of 

data. Band 1 is associated with image "brightness," band 2 with "greenness," and band 

3 with "wetness." The three post-fire KT images were subtracted fi^om the three pre-

fire KT images. Image 1 above shows the change in brightness between the two dates. 

The clouds and associated cloud shadows in the post-fire image represent the most 

significant change in brightness between the two dates. Fire associated changes can be 

seen in images 2 and 3 above. Image 2 represents change in greenness between the 

two dates, while image 3 above represents change in wemess. 
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Table 3 

Class 3 Membership values produced by classifications for the "jack-knifed data site 

numbered in the left column. The second column indicates the standard deviation between 

the five data points at each site The next three columns indicate the class 3 membership 

value produced by tuzzy classification of images representing change in KT bands 1,2 and 

3. The final two columns indicate the result of a jack-knife procedure using KT bands 2 

and 3, and then, all three KT bands 

site # std dev A KTl A KT2 A KT3 max 2,3 max 1,2,3 

102 0 0.26 1 1 3 3 

103 0 1 1 1 3 3 

104 0.18 1 1 1 3 3 

105 0 1 1 1 3 3 

111 0.296667 1 0 0 2 1 

113 0.146667 1 0.51 0.99 3 3 

304 0.18 1 1 1 3 3 

305 0.18 1 0.95 1 3 3 

306 0.296667 1 1 0.81 3 3 

312 0.296667 1 0.99 1 3 3 

706 0.146667 0.9 0.95 1 3 3 

707 0.233333 0.9 0.77 0.71 3 3 

J 
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The jack-knife technique was used iteratively to test the effectiveness of fuzzy 

classifications produced from the data values from each of these groups of 13 field points 

(Maselli et al. 1995) By this iterative technique, known field data for a single point are 

placed aside, and the remaining data guide the classification. The classification value of 

the pixel representing the "jack-knifed" data point is then examined to determine whether 

the pixel has been classified correctly In this application each single field data point was 

used to test the effectiveness of classifications based on the remaining field data. 

After a jack-knifed point was removed from the data set, the digital numbers of the 

remaining points were analyzed to produce training statistics for each of the three AKT 

images (Figure 4) The intention was to test the effectiveness of tlizzy classification of 

each of the three AKT data sets, therefore we chose to produce simple fuzzy 

classifications trom the one-dimensional data of each AKT band. 

Fuzzy membership functions were produced for each the three AKT data sets. In 

the case of Class 3 membership functions, all pi.xels with digital numbers greater than the 

mean value of the Class 3 training data were assigned fijll membership in the Class 3 

category, (1 = full membership) These pixels can be assumed to have indicated levels of 

change equal to, or greater than, the mean level of change indicated by the Class 3 training 

data. A sigmoidal flmction was then defined that classified pixels with digital numbers 

between the means of the Class 2 and Class 3 training data sets, with membership values 

ranging trom zero to one (Figure 4) 



110 

Histogram of KT band 2 

Distribution of tRdning areas 

17 18 19 20 21 22 
Digital Number 

Membership Function 

Class 2 Class 2 lass 3 

O 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 
Digital Number 

Figure 4. An example of three fuzzy classification membership functions. Field 

data are represented by the plots above. The center of each box represents the mean of 

the field data, the extent of the box indicates one standard deviation, and the bars 

indicate minima and maxima. These values are then used to construct the membership 

functions and images below. Note that for any value the membership functions will 

sum to 1. 
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The pixels with digital numbers below the mean of the Class 2 training data set 

were ascribed a Class 3 membership value of zero. The sigmoidal function was chosen 

over linear functions as it tends to better represent a normal distribution of many natural 

phenomena (Eastman 1996). 

For each iteration a fuzzy membership image was produced for each of the three 

AKT images. A total of 39 fuzzy classification images were therefore produced, indicating 

the 3 fijzzy membership values. These consisted of 13 of classifications produced for each 

of the three AKT images For all 39 fuzzy classifications the membership value of the jack 

knifed data point was recorded in Table 3 

This entire process was then repeated with field data from the Class 2 sample 

points Unlike the Class 3 field points, it was possible in this case to identify 13 points 

with no observed variability among the five circular plots. Training data from these 13 

field points was once again used to create 39 more individual fuzzy classifications. The 

membership values for each of these jack-knifed Class 2 points was recorded in Table 4. 



112 

Table 4 

Class 2 membership values produced by classifications for the "jack-knifed data site 

numbered in the left column. The second column indicates the standard deviation between 

the five data points at each site The next three columns indicate the class 2 membership 

value produced by fuzzy classification of images representing change in KT bands 1,2 and 

3. The final two columns indicate the result of a jack-knife procedure using KT bands 2 

and 3, and then, all three KT bands 

site # std dev A KTl A KT2 A KT3 max 2,3 max 1,2,3 

114 0 0.09 1 1 2 1 

115 0 0 0.99 0.99 2 2 

212 0 0 0 0.42 3 2 

213 0 0 0.81 1 2 2 

214 0 0.7 1 0.45 3 3 

216 0 0 0.99 0.99 2 2 

701 0 0.2 1 1 2 2 

102 0 0.7 1 1 2 2 

805 0 1 1 1 2 2 

507 0 0 0.58 1 2 2 

903 0 0,9 1 0.96 2 2 

905 0 1 1 1 2 2 
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Discrete Classification 

The same field data, training areas, and training data were used for maximum 

likelihood discrete classifications of the same AKT bands. This algorithm uses the 

variance-covariance matrix of the data to establish probabilistic rules used for the 

classification of all pixels (Lillesand and Kiefer 1994, Jensen 1996). The jack-knife 

technique was again used to create separate discrete classifications based the training data. 

In this case, however, one set of 13 classifications was produced from a combination of all 

three AKT bands, while another 13 were produced from only the greenness and wetness 

AKT bands. For each of these 26 images the value of the pixels associated with the jack 

knifed data point was recorded (Tables 3 and 4). 

Final Classifications 

One final set of fuzzy classifications was produced using the field data from all the 

original Class 3 and Class 2 field points Because the fuzzy classification of the brightness 

AKT image was not as etTective as the greenness and wetness AKT bands, the final 

classifications used an average of the AKT greenness and wetness bands to produce a 

single classification image (Figure .^) The data from these same field points and two AKT 

bands were also used as the basis for a final maximum likelihood classification used to 

create the final discrete classification image (Figure 6) 
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Class 3 

Class 2 

Class 1 

Cloud 

Figure 5. A fuzzy classification of fire effects based on the information from 

ail the training sets used in this study. Areas can be seen that are not classified with 

flill membership in only one category. Rather these fiizzy pixels represent a fuzzy 

membership of two categories. The edges of the red areas can be seen to often have 

intermediate areas of fuzzy membership in both canopy destruction and surface fire. 

This pattern can be expected at the edge of areas sustaining canopy destroying fire. 

Immediately surrounding areas often have some characteristics of both surface fire 

and canopy destruction. 
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Figure 6. A discrete classification of the Coffee Pot Fire. A supervised 

maximum likelihood classification has been used to classify each pixel based on the 

training statistics generated from the 26 known ground points. The KT greenness and 

wetness bands have been classified in this image. Every pixel is discretely classified 

as a member of one of the three possible categories. 
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Image Production and Fuzzy Visualizadon 

Fuzzy classification of AKT bands 2 and 3 were averaged to create three fuzzy 

images One image presents the fuzzy likelihood that each pixel experienced Class 1 fire 

severity (no burn). The other two images depict the fuzzy likelihood of Class 2 and Class 

3 fire severity, respectively. Each of these three averaged severity class images can be 

displayed as grayscale images, with the brightness of each pixel indicating its membership 

value 

Each of these three fuzzy classification images was then assigned a single red-

green-blue (RGB) color and a composite image was created (Figure 5). This composite 

image represents the relative fuzzy membership of each pixel through the relative 

brightness of each of the RGB colors Areas with a membership value of one for severity 

Class 3 will be bright red Areas with a membership value of one for severity Class 2 will 

be bright green, and membership values of one for Class I will be bright blue. 

Pixels with mixed fuzzy membership will be displayed with a combination of 

colors. The higher a pixel's membership value is for a given class the brighter the 

corresponding color will appear tor that pixel. To facilitate visual comparison, the final 

discrete classification is produced with the same color assignments for the three effect 

classes (Figure 6) Unlike the tlizzy images, all discretely classified pixels are colored 

exactly one of three colors 
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Results and Discussion 

Tabular Results 

For fuzzy classification of canopy mortality (Class 3), there was little difference 

between the effectiveness of the three AKT bands. Pixels with a higher standard deviation 

in the field data are seen, however, to be generally represented by membership values that 

indicate this heterogeneity of tire severity through disparate values among the three AKT 

bands (Table 3). 

The fuzzy classifications of surface fire (Class 2), however, showed considerable 

difference between the effectiveness of the AKT bands. AKT band I classified seven of 

the 13 pixels with membership values below 0,2. By contrast AKT bands 2 and 3 each 

had only 2 of 13 points with membership functions bellow 0.9 (Table 4). The Class 2 field 

data points used were all homogeneous They had no variability in observed fire severity 

in the five point field samples. The disparate values of the AKT band I classification 

indicate it misrepresented the homogeneity of the field data. Fuzzy classification of the 

AKT bands 2 and 3 tended to closer refiect the nature of the original field data. This is 

true especially if AKT bands 2 and 3 are averaged, because in every case, if one of these 

two AKT bands underestimates the membership function of the pixel by more than 0.01, 

the membership flinction indicated by the other band is I. 
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It is informative to compare the relative fuzzy membership values of individual 

points with the discrete classifications of those same points. It is important to recognize 

that fijzzy classification allovvs analysts access to the relative certainty of each pixel's 

classification. Traditional discrete classification, however, does not help analysts 

understand which pixels are classified with less certainty 

Though fijzzy membership functions cannot be absolutely related to a spatial 

pattern of phenomena mixed within a given pixel, it is reasonable to suspect that fuzzy 

membership pixels indicate some gradation of phenomena within the area of the pixel. 

Spatial mixing of several classifications of phenomena within the area of a pixel is, 

therefore, a likely explanation for fuzzy membership .Another potential interpretation of a 

fuzzy membership pi.xel is that the area in question is representative of the continuous 

nature of the phenomena 

In fuzzy classification it is important that classes used represent the fijll range of 

phenomena in question as well as the full range of digital values in the data sets used 

(Jensen 1996) The classifications produced here divide fire severity into three 

classifications that describe the full range of fire severity. Rather than using three separate 

classifications, it may have been more reasonable to scale vegetation mortality in absolute 

terms from zero to one In this work, however, the choice of classification categories was 

question driven We were concerned with mapping areas of canopy destruction as 

opposed to areas of surface fire This choice of classifications allows us to determine the 

relative likelihood that any pixel experienced canopy replacement. A single continuous 
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fiizzy classification of vegetation would have required that we establish a subjective 

threshold to define canopy mortality. The 3 class system used allows for the fuzzy 

identification of the phenomena in question. 

The etTectiveness of these fuzzy classifications is inconsistent among the three 

AKT bands. Rather than suggesting a problem, this indicates the technique may be 

capturing real "fuzziness" in the fire patterns. AKT band 2 represents change in 

greenness, while AKT band 3 represents change in wetness. These two phenomena are 

linked and both are related to the severity of passing fire. Different areas, nevertheless, 

have difTerent combinations of vegetation (i e., greenness) and available water. 

Because disparate spectral etTects can be associated with similar fire behavior, the 

types of disparate results seen in tables 3 and 4 are to be expected Some areas in the 

Cortee Pot Fire, for example, had relatively complete canopy closure while other areas had 

widely spaced trees Similar surface fire might burn through these two areas, completely 

removing the understor\', while leaving the canopy intact. Despite the similarity in the 

surface fire in these areas, the various AKT bands vvill not respond identically. Some of 

the sampled areas with open canopy underwent a major change in greenness because of 

the removal of the understory, while areas with closed canopy underwent changes in the 

greenness. Areas with closed canopy, however, change available moisture as the surface 

fire moves through changing its appearance in the AKT band 3 image (Tables 3 and 4). 
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Possible Future Improvements 

When producing fuzzy membership functions it is important to consider the full 

statistical distribution of the training data. Are the training data skewed? Do the training 

data have minima and maxima that extend significantly into the next class'' These 

questions can help direct the design of membership fijnctions. In this application each of 

the fiizzy classifications produced were determined from single-band data sets. 

The fuzzy classifications and images presented here also reflect choices made in 

defining the membership fijnctions The sigmoidal shape of the membership fijnctions 

used in these fuzzy classifications is subjective. Other function shapes could have been 

defined instead. In the case of the surface tire classification, only pixel with values exactly 

equal to the means of the training sets where classified with a membership of 1. Pixels 

with values either higher or lower digital numbers were classified with lower likelihood of 

being Class 2 (Figure 4) The sigmoidal curve used to define the membership of Class 2 

begins to trail off immediately as the digital numbers move away from the mean of the 

training data 

Another possibility for the shape of the membership fijnction for class 2 would 

have been to define the function such that all pixels within one standard deviation of the 

mean of the training data were given a membership of 1. By including a larger range of 

pixel values in the group classified with membership values of 1. this change in the 

membership function decreases the number of pixels with mixed fijzzy classifications. In 
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this study we chose to maintain the conservative membership functions rather than 

produce discrete classifications of pixels that were in fact fuzzy. 

In this application we constructed simple sigmoidal functions based on the relative 

location of the mean values of the training data sets in the single-band data set of each 

AKT band. This technique was selected for its simplicity and repeatability. It was also 

designed to analyze the efTectiveness of a basic method when compared for different AKT 

bands. Improvement in classification accuracy could be expected with a more 

sophisticated multidimensional fuzzy classification algorithm. 

More sophisticated versions of fuzzy classification determine membership 

fijnctions based on the complete statistical distribution of all the bands of data sets 

simultaneously (Wang 1990 a, b, Maselli et al. 1995, Jensen 1996). Such approaches 

exploit the second order statistics of the training data (variance and covariance). These 

statistics are then used in a manner similar to a maximum likelihood classification. In 

fuzzy classification, though, the algorithm produces a fuzzy membership value for each 

pixel that reflects its relative probability of class membership in all categories based on all 

included data sets. 

One area of the Coffee Pot Fire where "class 2" pixels were consistently confused 

with high membership in "class .i," is an area with widely spaced Ponderosa (Sites 3, 4, 

and 5, Table 4) The extensive grass beneath the trees was completely eliminated by the 

fire, while the large overstor\' trees were unaffected by the fire. However, the trees were 

generally 10-20 meters from their nearest neighbor. The satellite imagery registered the 
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large change in the vegetation despite the small change in the few overstory trees, 

therefore this technique tended to classify these areas as class 3 To overcome this type of 

problem it may be valuable to introduce data that can be indicative of the potential 

connectivity of the canopy fuels Texture data from before a fire may be one such data 

source. 

Texture data for any single pixel is generated by quantifying the variability of the 

data in a small window surrounding the pixel (Jensen 1979, Yool et al. 1985, Lillesand and 

Kiefer 1994, Campball 1996). Areas with high texture values may be correlated with 

areas with less etTective fire contagion. Texture data has been successfully used to 

improve the efTectiveness of fire hazard mapping (Yool et al. 1985). Perhaps pre-fire 

texture could be efTectively introduced to improve post-fire mapping efforts. 

Another possible source of improvement is the introduction of terrain data. 

Terrain is highly associated with fire behavior (Rothermel 1972, Albini 1976, Barrett and 

Arno 1991), Terrain data has been used to improve the accuracy of satellite derived 

"potential fire-induced vegetation mortality" images (Medler and Yool 1997). A 

traditional supervised classification technique was used to create a fire image from pre-fire 

satellite imagery This image illustrated which areas had spectral response patterns similar 

to sample points that later experienced known vegetation mortality. Another supervised 

classification image was then produced using the same training data and TM data, as well 

as terrain data 



These two images were tested against the actual bum patterns of the fire to 

determine if the terrain data improved the information extracted from the pre-fire satellite 

data. Error matrices indicated that combining TM and terrain data prosnded 

approximately 40% improvement in accuracy over TM data alone, (Figure 7). Similarly, 

terrain data could be introduced to the fuzzy classification of the fire severity themselves. 

As terrain is a significant driver of vegetation structure, and fire behavior, it could offer 

another means of improving the classification of fire mapping etTorts. 

It is also difficult to compare directly the results of fuzzy classification to discrete 

classification. These techniques are essentially asking different questions. Discrete 

classification asks, "which category is each pixel most like''" While fuzzy classification 

asks, •" how similar is each pixel to each of the categories"'" Reasonable accuracy 

assessment techniques remain to be developed for fuzzy classification, and such techniques 

will require extensive field data that accurately quantifies the fuzzy phenomena in question 

(Campbell 1996). 
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Figure 7. Terrain data was used to improve the accuracy of a "potential fire-

induced vegetation mortality" images, (Medler and Yool 1997). Image 1 shows a 

change detection produced firom both pre-fire and post-fire TM data. Canopy 

replacement is colored red, surface fire is colored green, and unbumed areas are 

colored blue. Image 2 is the result of traditional supervised classification techniques. 

Field-data were used to define training polygons of known fire effect These training 

areas were then used to extract pre-fire spectral response patterns associated with fire 

effects. Image 2 shows a "potential fire surface" based on this classification. 

Image 3 was produced using the same training polygons and pre-fire TM data 

with the addition of the terrain data. These two images where tested against the 

actual bum patterns of the fire to determine if the terrain data improved the 

information extracted firom the satellite data. Error matrices indicated that combining 

TM and terrain data provided approximately 40% improvement in accuracy over TM 

data alone. 
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Visualization 

The RGB images produced from these fijzzy classifications are effective tools for 

the presentation of the complex spatial information produced through fuzzy classification. 

Pi.xels with mi.xed fuzzy memberships are recognizable as pixels not displayed in one of the 

three RGB colors. The mixed pixels are, however, difficult to interpret. Few analysts 

have the necessary experience with digital image processing to identify comfortably the 

relative proponions of these three colors in a RGB display. It can, therefore, be difficult 

to understand the relative amount of the three RGB colors that make up the colors of 

mixed pi.xels 

.A possible solution is the use of more intuitive color shading systems to identity 

mixed pixels. .A scheme based on the color progression of the spectrum, for example, may 

improve interpretability If the pixels with membership values of I for the three classes 

where colored, blue, yellow, and red, the pixels with mixed memberships could be shaded 

with more commonly understood colors .A. pixel that is half yellow and half red for 

e.xample, would be colored orange A pixel that is half blue and half yellow would be 

colored green. Such an intuitive display may improve interpretability of fijzzy 

classifications, or any image displaying a continuum of phenomena. 
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Conclusion 

Fire produces changes in the characteristics of an area. Mapping such changes can 

be crucial to understanding them Fire, however, does not occur in the discrete classes 

easily mapped by traditional thematic mapping techniques. Fuzzy classification is 

introduced to illustrate an alternative to discreet classification. We have demonstrated 

here a technique for the fuzzy classification and visualization of vegetation mortality 

associated with forest fire 

Fuzzy classification is found to otTer a range of fire effects information unavailable 

in maximum likelihood classifications. KT bands 2 and 3 are found to best represent 

spatial variability of surface fire etfects.. Both fuzzy and maximum likelihood classifiers 

are found to be least etTective in areas with widely spaced trees and extensive ground 

cover. In these areas it appears that changes in the understory overwhelm any signal from 

the overstory, and are thus classified as changes in the overstory. 



127 

References 

ACM 1984 Coping with the imprecision in the real world; An interview with Lotfi A. 

Zadeh (^mmimicaiioiis of the Association of Computing Machinery 27: 304-311. 

Albini, F A. 1976 Computer-BaseJ Models of WilcJland Fire Behavior: A User's 

Manual. USPS General Technical Report. 

Alexander, B G Jr. E L Fitzhuuh. and J A Ludwig. 1987 .4 Classification of Forest 

Hahnat Types of the Northern Portion of the Cihola National Forest. New 

Mexico USFS General Technical Report RM-143 

Babbitt. B 1995 To Take up The Torch: The Hidden Risks of Tire Exclusion: How and 

iVhy We Must Return the T kuue to its Rightful Place in the West DO I all-

employee distribution re-invention hotline special issue. 

Baker. VV. L 1992. EtTects of settlement and fire suppression on landscape structure. 

Ecology 11, 1879-1887 

Barrett. S. VV . and S. F Arno 1991 Classifv'ing tire regimes and defining their 

topographic controls In Proceedings of the 11"' Fire and Forest Meteorology 

Conference, ed P Andrews, and D Potts, 299-307. Society of American 

Foresters Washington DC pp 



128 

Brown, J. FC. 1985. The 'unnatural fuel buildup' issue. Proceedings, Symposium and 

Workshop on Wilderness Fire. USDA Forest Service General Technical Report 

[NT-182. pp. 127-128. 

Brown, J K., S F Arno, S W Barrett, and J P. Menakis. 1994. Comparing the 

prescribed natural fire program with presettlement fires in the Selway-Bitterroot 

Wilderness. Iniernadonul Journal of Wildland Fire 4; 157-168 

Burgan, R. E . and M B Shasby 1984 Mapping broad-area fire potential from digital 

fuel, terrain, and weather data .lourual of Forestry 82 228-23 1 

Campbell, J B 1996 Iniroduciion lo Remote Sensing, 2nd Ed Guilford Press. NY. 

Canters, F 1997 Evaluating the uncertainty of area estimates derived from fiizzy land-

cover classification Photogrunuvt'tric F.ngmeering cK: Remote Sensing 63: 403-

414 

Collins, J. B , and C E Woodcock. 1996. An assessment of several linear change 

detection techniques for mapping forest mortality using multitemporal Landsat TM 

data Remote Sensing of F.nviroiiment 56: 66-11. 

Cooper, C F 1960 Changes in vegetation, structure and growth of southwestern pine 

forests since white settlement FxologicalMonographs 30: 129-164. 



129 

Cottrell, VV. H. Jr 1989 The Book of Fire. Mountain Press Publishing Company. 

Missoula MT 

Covington, W VV , and M M Moore 1994 Southwestern ponderosa forest structure: 

changes since Euo-American settlement. Journal of Forestry 92; 39-47. 

Crist, E. P., and R C Cicone 1984 a. A physically-based transformation of thematic 

mapper data-the TM tasseled cap IF.F.F. Transactions on Geoscience and Remote 

Sensing 22 256-263 

Crist, E. P., and Cicone 1984 b .Application of the tasseled cap concept to simulated 

Thematic Mapper data Plioioi^rainmetnc Fjigineerin^ and Remote Sensing 50: 

343-352 

Crist, E P , and R J Kauth 1986 The tasseled cap de-mystified. Photogramnietnc 

Fngineernig and Remote Sensing 52: 81 -86 

Eastman, J. R 1996 h/risi for [Vindows I 'sers Guide I'ersion 2.0. Idrisi Project. Clark 

University M.A 

Foody. G M 1992 ,A fuzzy sets approach to the representation of vegetation continua 

from remotely sensed data .An example from Lowland Health. Photogrammetric 

F.ngineenng and Remote Sensuig 58 221-225 



130 

Harris, A. J L 1996 Towards automated fire monitoring from space: Semi-automated 

mapping of the January 1994 New South Wales wildfires using AVHRR data. 

Inteniaiional Journal of WildlanJ Fire 6; 107-116. 

Hurlbert, S H. 1984. Pseudoreplication and the design of ecological field experiments. 

Eco/ogical Xfono^raphs 54: 187-211. 

Jakubauskas, M. E., K. P Lulla, and P W Mausel. 1990. Assessment of vegetation 

change in a fire-altered forest landscape. Phoiogrammetric Engineering & Remote 

Sensing 56 371- 380 

Jensen. J R 1979 Spectral and textural features to classity elusive land cover at the urban 

fringe The Professional Ck'ographer 3 1: 400-409 

Jensen, J R. 1996 Inirodiiciory Digiial Image Processing: a Remote Sensing Approach. 

2"~' Ed.. Prentice Hall NJ. 

Kauth, R J , and G S Thomas 1976 The tasseled cap, a graphic description of the 

spectral-temporal development of agricultural crops as seen by Landsat. The 

Proceedings of the Sympo.siiim on Machine Proce.ssing of Remotely Sensed Data. 

Purdue pp. 4B-41-4B-51 

Kent, J T , and K V Marida I9SS Spatial classification using fuzzy membership models. 

II-.I-.T. Transactions on Pattern .Analysts and .Machine Intelligence 10: 659-671. 



Kolb, T., M. Wagner, and VV. Covington. 1994. Concepts of forest health. Journal of 

foresiry 92 10-15. 

Kosko, B., and S Isaka. 1993 Fuzzy logic Scientific American 271: 76-81. 

Leopold, A. 1922 Grass, brush, timber and tire in Southern Arizona. Journal of Forestry 

20; 179-192. 

Lillesand. T M , and R VV Kieter 1994 Remote Sensing and Image Interpretation. John 

Wiley & Sons NY 

Macdonald, J 1996 Fire Management OtTicer. Cibola National Forest. Personal 

Interviews with Authors. 

Maselli. F , C Conese. T De Filippis, and S Norcini. 1995 Estimation of forest 

parameters through fuzzy classification ofTM data IEFJ-1 Transactions on 

(ieosctence and He mole Sensing 33 7 7-84 

Medler, M J. M. W Patterson, and S R. Yool. 1996 Image processing techniques for 

automated terrain stratification Proceedings Madrean Fire Conference. Tucson. 

AZ 

Medler, M. J , and S R. Vool 1997 Improving thematic mapper based classification of 

vvildtire induced vegetation mortality. Geocarto International 12: 49-58. 



132 

Milne, A. K. 1986. The use of remote sensing in mapping and monitoring vegetation 

change associated with bushfire events in eastern Australia. Geocarto 

International 1: 25-32. 

Patterson, M VV , and S R. Yool Forthcoming. Photogrammetric Engineering & Remote 

Sensing 

Phillips, J. 1995. The crisis in our forests. Sunset July 1995 87-92. 

Pyne. S J., P L Andrews, and R D Laven 1996 Introduction to WikllandFire. 2nd 

Ed.. Wiley NY 

Richards, J .A . and D J Kelly 1984 On the concept of the spectral class. International 

Journal of Renujte Sensing 1 1: 987-991, 

Robinove, C.J 1981 The logic of multispectral classification and mapping of land. 

Remote Sensing of Environment 11 23 1-244. 

Rothermel, R. C 1972 .-J nuiilienuiiical model for ftre spread predictions in wildland 

fuels USPS Res Pap INT-l 15 Ogden UT. 

Ryan, K. C., and N V. Noste. 1985 Evaluating prescribed fires. In; J. E. Lotan, B. M. 

Kilgore, VV C Fisher, and R W Mutch. Proceedings. Symposium and Workshop 

on Wilderness hue USPS General Technical Report. INT-182. 



13 

Swetnam, T \V . and C H. Baisan 19% Historical fire regime patterns in the 

Southwestern United states since AD 1700. Fire Effects in Southwestern Forests, 

Proceedings of the 2nd La Mesa fire Symposium. Los Alamos. NM. 

Turner. M. G., and VV. H. Romnie 1994 Landscape dynamics in crown fire ecosystems. 

Landscape F.colo^- 9 59-77 

Wang, F 1990 a. Fuzzy superv ised classification of remote sensing images. IEEE 

Transactions on (jeoscicncc and Remote Sensing 28: 194-201. 

Wang F 1990 b Improving remote sensing image analysis through fuzzy information 

representation I'/ioioyrainnicinc l-.ngnieernig and liemote Sensing 56: 1 163-

1 169 

White, J. D , K C. Ryan, C. C Key, and S. W. Running. 1996. Remote sensing of forest 

fire severity and vegetation recovery International Journal of WUdland Fire 6: 

125-136 

Williams, T 1995 Only you can postpone forest fires. Sierra July-August 1995; 3643, 

3667-3669 

Yool, S , D Eckhardt, J Estes. and \1 Cosentino 1985 Describing the brushfire hazard 

in southern California Annals of the Association of American Geographers 75: 

417-430 



134 

Zadeh, L. A. 1965. Fuzzy sets Infornialion Control 8; 338-353 



Chapter 5 

Integration of Remote Sensing and Terrain Modeling for Mapping 

Potential Forest Fire-Induced Vegetation Mortality 

Abstract 

Fuzzy classification is used to extrapolate previously mapped spatial 

patterns of a historic forest fire. This technique provides a spatial display 

indicating each pixel's similarity to areas that burned with observed 

severity Pre-tlre TM data are used to create KT bands 1, 2, and 3, as well 

as a texture image for the entire mountain range containing the mapped 

fire. A digital elevation model is used to create slope, elevation, and aspect 

images as well. Training statistics are developed for these images from 30 

polygons associated with observed fire severity. Fuzzy classification of 

potential burn patterns are produced for each image, and these images are 

then averaged into an image integrating the multiple factors captured by the 

original seven images. 

Field data values from the fire are displayed over the hazard image 

indicating the relative effectiveness of the technique for different areas of 

the fire This technique is most effective in areas that burned without 
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suppression efforts, and at the height of daily fire conditions. Areas with 

sparse overstory trees appear misrepresented. These areas, however, are 

the same areas that are most likely to be misrepresented in the original 

fuzzy map of the historic fire. 

Foreword 

This chapter synthesizes the field-work and techniques from the previous chapters, 

culminating in the production of wildfire hazard imagery. It is written for the wildfire 

professional, and wildfire research audience of The International Jourual of Wildland 

Fire Some material and figures from Chapter 4 are reproduced to facilitate explanation 

of fuzzy mapping techniques The application presented in this chapter is a technique for 

fiizzy classification of fire hazards for the entire San Mateo range. 

Rather than mapping a historic fire (as in Chapter 4). this chapter introduces a 

technique for fire hazard modeling. Redundancy with the three other chapters is necessary 

to articulate the background and techniques, as well as the nature of the fuzzy fire 

classification map produced in Chapter 4 
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Introduction 

Effective wildfire planning requires understanding the spatial configuration of 

wildfire hazards. Wildfires are not random stochastic events. Deterministic patterns can 

be observed at many scales (Turner 1994, Pyne et al. 1996). Some areas, for example, are 

more prone to lighting caused fires than others (Knapp 1997). Areas with extensive dry 

fuels are more capable of sustaining wildfire than wetlands during winter rains. Though 

some understanding of relative wildfire hazards can be achieved, as we examine 

landscapes at finer spatial and temporal scales, it is difficult to describe and quantify these 

hazards. 

To address these difficulties, this study develops techniques to map both historic 

forest fires and potential forest fire hazards To accomplish fine-scale mapping of wildfire 

hazard, this study introduces techniques to characterize synthetic combinations of spatial 

variables through the integration of observed fire patterns, remotely sensed data, and 

terrain models. The background section of this chapter presents the questions addressed 

and techniques used, including a discussions of remote sensing and Fuzzy classification. A 

description of the study area is then followed by an explanation of the data sources used. 

The methods used for this two phase mapping project are then presented, followed by 

results and discussion. 

In Phase 1 of this study, remotely sensed and field data were used to map the bum 

patterns of the 1994 Coffee Pot Fire in the San Mateo Mountains of New Mexico (Medler 
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and Yool in review a). Phase 2, explored here, characterizes the pre-fire spectral response 

and terrain conditions associated with the fire effects mapped in Phase I. These same 

combinations of conditions are then mapped in the unbumed remainder of the mountain 

range. This hazard map is intended to portray a potential fire severity pattern that assumes 

fire burns the entire range in meteorological conditions similar to those associated with the 

Coffee Pot Fire This is a reasonable assumption, as the antecedent drought and dry 

windy summer conditions associated with the Coffee Pot Fire are the same conditions 

most worrisome to land managers addressing fijture fires. 

Background 

After years of wildfire suppression, forest managers now acknowledge the positive 

role of fire in promoting forest health (Brown 1985, Baker 1992, Covington and Moore 

1994, Kolb et al 1994, Pyne et al. 1996). Many forested areas, however, are facing 

increased development pressure. Forest managers are thus faced with the conflicting 

imperatives to re-establish "natural" fire regimes, while simultaneously conserving private 

and public property, wildlife habitat, recreation resources, cultural values, air and water 

quality, timber resources, and aesthetics (Babbitt 1995). 

Accurate maps of wildfire hazards could greatly aid the decision making required 

for management of fire prone areas Such maps could also be used to help educate 

landholders about likely spatial patterns of future fires, or promote fire mitigation practices 

in the urban-forest interface It is desirable, therefore, to develop new geographic tools 
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that clarify fire's patterns across landscapes. At the ecosystem scale, remotely sensed 

satellite data and digital elevation models (DEMs) offer cost-effective methods for 

gathering data to bring about such understanding (Jakubauskas 1990, White et al. 1996). 

Remote Sensing and WiUlfire 

Many characteristic effects of wildfire, such as vegetation mortality and soil 

discoloration, are detectable with satellite remote sensing (Jakubauskas 1990, White et al. 

1996). The spatial patterns of forest tires, however, are influenced by a host of complex 

factors such as soil, wind, terrain, and vegetation. Accurate quantification of all relevant 

determinants is prohibitive. Micro-climate and winds, for example, change quickly and 

chaotically even while fires burn. 

Vegetation patterns themselves can be seen as an expression of many physical 

factors influencing an area (Brown and Gibson 1983, Franklin 1995). These patterns 

represent a synthesis of such factors as disturbance, competition, terrain, soils, insolation, 

and climate. As unsuppressed forest fires burn, they quickly integrate these patterns with 

short term climatic conditions and terrain factors to influence the final bum patterns found 

on the landscape Many of these determinants co-vary in space and time. It is difficult, 

therefore, to determine the contribution of each individual determinant. An area of steep 

slope, for example, may have different insolation, vegetation, soil moisture, micro climate, 

and fire behavior than areas of low slope. It would be unreasonable, however, to ascribe 
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observed fire behavior solely to slope without acknowledging the potential role or 

interactions of other variables. 

Some deterministic models that attempt to predict future conditions in dynamic 

systems are extremely sensitive to their initial conditions (Lorenz 1963, 1979). Any 

attempt to disassemble all the pertinent fire determinants and recombine them using 

deterministic models is subject, therefore, to error propagation. Inaccuracies in the initial 

quantification of determinants may amplify (or compound) inaccuracies of the model itself 

Rather than untangle and quantify all possible fire determinants, this work maps and 

models fire through pattern recognition of synthetic combinations of determinants. To 

accomplish this, remotely sensed imagery and terrain models are used to sample and 

represent the spatial patterns of fire determinants. 

The Fuzzy Nature of Fire Behavior 

Remote sensing has already been introduced for discrete classification of wildfire 

severity as well as post-fire recoverv' and fire hazards (Yool et al. 1985, Milne 1986, 

Jakubauskas 1990, Turner et al. 1994, White et al. 1996, Medler and Yool 1997). 

Thematic Mapper (TM) offers a popular data set consistently available for such efforts 

since 1982. The pixel resolution of TM, however, is 30 meters and wildfire does not bum 

uniformly in 30 meter units A single pixel, for example, may exhibit subtle combinations 

of surface fire and canopy replacement fire and even have unburned areas. Even in the 
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field it can be difficult to classifv- mixed bum patterns discretely (Ryan and Noste 1985). 

These blending patterns can hinder discrete fire effects classification of TM data. 

Traditional techniques for ecological thematic mapping rely on discrete 

classification to categorize landscapes. Such classification, however, typically 

oversimplifies the spatial complexity and continuity of many biotic phenomena (Jensen 

1996) Rather than occurring in discrete units with distinct borders phenomena, such as 

fire effects, may grade continuously from one to another. 

Fuzzy Classification 

Traditional set theory requires that all individual units either are, or are not, 

members of any given set (Zadeh 1965) A person, for example either is, or is not, a 

member of the set of tall people Fuzzy set theory, however, allows individuals "fuzzy" or 

partial memberships in several categories. A moderately tall person may only have partial 

membership in the set of tall people A classification scheme based on fiizzy logic can 

overcome some of the long-standing problems associated with using remote sensing to 

classify continuous phenomena (Kosko and Isaka 1993, Kent and Marida 1988). A 

traditional maximum likelihood classifier, for example, use the statistical distribution of 

spectral response patterns of knovvn areas to assign unknown pi.xels to the most likely 

classification By contrast fuzzy classification determines each pi.xePs relative membership 

in any number of classes, presumably avoiding the loss of relative class membership 

information (Robinove 1981, Richards and Kelly 1984, Campbell 1996, Jensen 1996). 
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Fuzzy classification techniques may also be better suited to relating natural phenomena in 

a way similar to the imprecise nature of most human thinking (ACM. 1984, Jensen 1996). 

Fuzzy classification has been applied effectively to the estimation of forest 

parameters such as forest type and vegetation (Foody 1992, Maselli et al. 1995). It has 

also been applied effectively to mapping historic wildfire (Medler and Yool in review a). 

Like many other spatial phenomena, wildfire occurs with a continuum of characteristics 

(Turner et al 1994. Pyne et al 1996) Because factors determining burn patterns are 

fuzzy and continuous in nature, the spatial patterns of these comple.x phenomena may be 

represented better with fuzzy classification. 

Study Area 

The study area featured here is the San Mateo Mountains in the Cibola National 

Forest approximately 150 kilometers southwest of Albuquerque New Mexico (Figure I). 

These rugged mountains are a typical Southwestern "sky island." Specifically, the 

elevation of this range provides cooler temperatures and higher precipitation than the 

surroundings. Mixed conifer communities occupy the highest elevations. Pinus 

ponJerosa (Ponderosa pine) dominates the middle range. The lower elevations contain 

Finns eJiilis (pinion) and Jiin/penis (juniper) communities, surrounded by semi-arid grass 

lands (Alexander et al 1987) 
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Figure 1. A post-fire TM sub-scene of the site of the 1994 Coffee Pot Fire. This 

fire burned 9000 hectares of the San Mateo Mountain in the Ciboa National Forest. 

This range is located approximately 150 kilometers South-West of Albuquerque New 

Mexico. In this False Color Composite healthy vegetation shows bright red. Areas 

of the fire that sustained substantial canopy mortality appear greenish. 
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The range was the site of the 1994 Coffee Pot Fire. This fire burned with 

unexpected severity. Of particular concern to the Forest Service was the large size of 

some patches of complete canopy replacement (Macdonald 1996). For future fire 

planning in the San Mateo range the Forest Service would like to understand potential 

burn patterns of future fires. The Coffee Pot Fire offers a model of what might be 

expected from fijture fires in the area 

Field Data 

Transect Placement 

Phase 1 of this project mapped the Coffee Pot Fire (Medler and Yool in review a). 

To associate spectral response patterns of TM data with specific fire severity, extensive 

field-data were gathered The large size of the Coffee Pot Fire, however, required 

judicious placement of ground samples Because terrain is a determinant of fire behavior 

(Rothermel 1972, .Albini 1976. Barret and .A.rno 1991), it was necessary to develop a 

sampling scheme that considered the possible effects of terrain in the spatial patterns of 

fire (Hurlbert 1984) .A.n image processing technique was developed for automated terrain 

stratification to facilitate effective sampling (Medler et al. 1996, Medler and Yool 1997, 

Medler and Yool in review b) These stratified terrain images were used to assure samples 

were placed in a wide range of terrain poses (unique combinations of slope, aspect, and 

elevation). 

Pre-fire and post-fire TM images were also e.xamined to determine the likely 

spatial patterns of the fire Regions were identified containing wide ranges of change 
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between the two TM images. Iterative examination of all these images led to the 

identification of several 5-10 kilometer transects representing a wide range of apparent fire 

severity while also maximizing the number of the terrain poses sampled. 

Field Data Gathered 

In the summer of 1996 nearly 500 individual circular plots were visited along 8 

transects within the CotTee Pot Fire Circular plots were placed along the planned transect 

lines at predetermined intervals. To link TM data with ground observations, a real-time 

global positioning system (GPS) vvas used, permitting accurate correlation of observed 

vegetation mortality with the geo-coded TM and terrain data sets. 

Each transect point was the center of a circular plot with a 20 meter diameter. 

Four other 20 meter circular plots were also placed 30 meters out in each of the cardinal 

compass directions. Fire and vegetation data were recorded for each of these circular 

plots (Figure 2) (Medler and Yool in review a). 

Within each 20 meter circular plot the average vegetation mortality class was 

recorded. Vegetation monality was grouped into three classes (Table 1). Class 1 

represents areas with no significant fire caused plant mortality, though some of these areas 

sustained light surface fire in dead fuels. Class 2 includes areas where surface fire killed 

understory vegetation. This broad category includes areas where individual canopy trees 

were killed, while others survived. Class 3 represents only the areas with essentially 

complete canopy monality 
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Figure 2. Each transect point is the center of a five point sample scheme. A circular 

plot with a 20 meter diameter is placed at the transect point. Circular plots are also 

placed 30 meters out in the four cardinal directions. The blue square around the 

central circular plot represents the registered location of the pixel associated with the 

transect point. However, the rounded red outer square indicates the potential location 

of the pixel, given the registration accuracies. Each pixel may, therefore, represent 

information fi^om an unknown combination of the 5 circular plots. At each of the five 

yellow circular plots slope and aspect are recorded, as well as vegetation data, 

including vegetation mortality classification. Heterogeneity among the five circular 

plots indicates that the fire effects are likely to be heterogeneous or "fuz2y" in the area 

sampled by the pixel. 

J 
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Table I 

Vegetation mortality classes 

Class # 1: no cv idencc of fire associated vegetation mortalit%\ 

Class #2: surface bum with limited canopy mortalitN'. 

Class ~3 complete canop> replacement 
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Satellite Data 

The TM scenes used were acquired before and after the June 1994 Coffee Pot 

Fire All post-fire candidate scenes contained some cloud cover. The post-fire image 

ultimately selected was cloud free over the largest area of the Coffee Pot Fire. The scenes 

chosen were both acquired in early September to reduce seasonal variations and to allow 

detection of tree damage from the June fire. 

The pre-fire image was geo-referenced to the USGS 30 meter DEM mosaic used 

for the terrain stratification, with less than 15 meter (0.5 pixels) root-mean-square (RJVIS) 

error (Lillesand and Kiefer 1994) The post-fire image was co-registered to the pre-fire 

image using on-screen control points. The RMS error for the post-fire image was also 

less than 15 meters. Both images were resampled using a nearest neighbor algorithm 

(Lillesand and Kiefer 1994) 

Each image was also corrected for atmospheric scattering. Because of the 

extensive cloud cover in the post-fire image, image regression was undesirable, and lack of 

open water limited the utility of dark body subtraction techniques (Lillesand and Kiefer 

1994, Jensen 1996). A histogram offset technique, therefore, was used to adjust all bands 

through linear subtraction to bring the minimum value of each band to zero (Campbell 

1996, Jensen 1996). 
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Kauth Thomas Transformation of TM Data 

To reduce atmospheric effects, compress the TM data, and relate TM spectra to 

fire phenomena, both pre-fire and post-fire images were subjected to a Kauth-Thomas 

(KT) linear transformation (Kauth and Thomas 1976, Crist and Cicone 1984 a, b, Collins 

and Woodcock 1996, Patterson and Yool forthcoming). This transformation converts the 

six highly correlated spectral bands of TM data to six nearly orthogonal bands of data. 

Much of the variance of the data is captured in the first three KT bands, while noise and 

atmospheric effects are concentrated in the last three bands (Kauth and Thomas 1976, 

Crist and Cicone 1984 a, b) Unlike many other linear transformations used in remote 

sensing, the coetllcients for KT are not derived from the scene itself The KT 

transformation is, instead, calculated using a predetermined set of coefficients for each 

band (Table 2) It is therefore insensitive to the variability of the data being transformed. 

This allows KT transformations to be compared across dates and regions, and more 

importantly allows KT bands to be associated with specific phenomena. KT bands I, 2 

and 3 have been described as representing "brightness, greenness, and wetness" 

respectfully (Kauth and Thomas 1976, Crist and Cicone 1984 a, b). This transformation 

was originally developed for agricultural lands, however, fijrther research has indicated 

KT is also effective for mapping wildfire induced vegetation change (Medler and Yool in 

review a, Patterson and Yool tbrthcoming) 



Table 2 

Kauth Thomas transformation coefficients for TM 5. 

brightness greenness wetness haze 5 6 

TMl 0.2009 -0,2728 0.1446 0.8461 0,0549 0,1186 

TM2 0 2493 -0 21 74 0 1761 -0 073 1 -0 0232 -0,8069 

TM3 0 4806 -0 5508 0.3322 -0.4640 0,0339 0,4094 

TM4 0.5568 0.7221 0,3396 -0,0032 -0,1937 0.0571 

TM5 0 4438 0 0733 -0.6210 -0.0492 -0,7823 0.0220 

TM7 0 1706 -0 1648 -0 4186 0,01 19 -0 7823 0,0220 

Additive 10 3895 -0 7310 -3 3828 0 7879 ^2 4750 -0.0336 
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Methods 

Phase I, Fuzzy Fire Mapping of the Coffee Pot Fire 

The spectral response patterns of 26 field samples vvere used as training statistics 

for a fuzzy classification of vegetation mortality associated with the Coffee Pot Fire. A 

single change detection image was produced that indicates each pixel's flizzy membership 

in each vegetation mortality class described in Table 1 (Figure 3). Fuzzy classification was 

found to offer added information unavailable in a maximum likelihood based discrete 

classification (Medlerand Yool in review a) 
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• Class 3 

• Class 2 

• Class 1 

• Cloud 

Figure 3. A fuzzy classification of fire effects. Areas can be seen that are not 

classified with full membership in only one category. Rather these fuzzy pixels 

represent a fuzzy membership of two categories. The edges of the red areas can be 

seen to often have intermediate areas of fuzzy membership in both canopy destruction 

and surface fire. This pattern can be expected at the edge areas sustaining canopy 

destroying fire. Immediately surrounding areas often have some characteristics of 

both surface fire and canopy destruction. The yellow figure represents the final 

perimeter of the fire as mapped by the USPS. 
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Phase 2, Fuzzy Mapping of Fire Hazard for the Entire Mountain Range 

Selecting Training Areas 

The fuzzy classification of fire severity described above was examined to locate 10 

areas associated with each of the three fire severity classes. These 30 polygons were 

selected on the basis of continuity of fire severity. Each polygon contained several 

hectares of homogenous fire severity 

Fire records from the CotTee Pot Fire were examined and personal interviews were 

conducted with fire managers present during the Coffee Pot Fire to assure polygons were 

placed in areas that received minimal fire suppression efforts (Macdonald 1996). In 

particular, it was necessary to exclude areas of the fire purposefully •"back-burned," areas 

burned by fire backing down-hill at night, and areas attacked with significant fire 

suppression efforts. The 30 polygons selected were also carefully chosen to exclude the 

sites of the field sampling. By excluding the sample points from the training sets, these 

data points could be more reasonably used to examine the effectiveness of hazard mapping 

technique. 

Image Production 

Seven individual images were produced to represent various combinations of fire 

determinants in the San Mateo range (Figure 4). Pre-fire TM data was transformed to 

produce KT bands 1, 2, and 3 for the entire range. 
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KT band 1 KT band 2 KTband 3 
Briohtness Greenness Wetness 

Slope DCN Aspect Itexture firom 
TNband3 

Figure 4. Seven separate co-registered images are presented. Elevation was generated 

directly from the DEM, while Aspect and Slope images were produced from the 

statistics generated for each pixel in the DEM for the three by three pixel window 

surrounding the pixel in question. Images #4 - #6 are three Kauth-Thomas 

transformation of the original pre-fire TM data set. #4 represents scene "brightness," #5 

"greenness," and #6 "wetness." Image #7 Is a texture image produced from the pre-fire 

red-band of the TM data set. The brightness of the pixels in this image represent the 

variability of the there by three window surrounding each pixel. 
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Earlier efforts had demonstrated improved potential fire hazard mapping through 

the incorporation of TM and terrain data (Medler and Yool 1997). A mosaic of USGS 

DEMs was, therefore, used to produce terrain images representing slope, elevation, and 

aspect. Texture data has also been successfully used to improve the effectiveness of fire 

hazard mapping (Yool et al. 19S5). The seventh image produced was, therefore, a TM 

band 3 (red band) texture image (Jensen 1979, Yool et al. 1985, Lillesand and Kiefer 

1994, Campball 1996) In this case texture was determined for each pixel in the image by 

quantifying the variance of a 3 by 3 pixel window surrounding that pixel. These texture 

values may be related to tire contagion (Yool et al. 1985). 

Training Statistics and Fuzzy Membership Functions 

Training statistics were developed from the training polygons. For each of the 

three tire severity classes, values of the pixels in the training polygons were noted in all 

seven images These values vvere used to calculate the maximum, minimum, mean and 

standard deviation of each severity class for each of the seven images. These statistics 

were used to define 21 fuzzy membership functions. A single sigmoidal function was 

determined for each of the three fire severity classes, for each of the seven images (Figure 

5). The individual shapes of these functions were determined by noting the relative 

statistical distribution of the training data for each image. In some cases each severity 

class was clearly divisible with only a small amount of overlap of distributions. 
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Figure 5. The statistical distribution of data associated with the training sites are 

displayed for several of the images in Figure 4. Each fire effects class had 10 

training areas identified. The box plots above indicate the minimum, maximum, 

mean, and standard deviation for the training data. The figures on the right indicate 

the shape of the membership fimctions derived fi"om this assortment of training data. 
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In other cases, training data were less clearly separable and the individual 

membership functions were designed to account for the limitation in the separability of the 

data. 

In the case of the aspect image, the training data rendered it particularly difficult to 

separate potential Class 2 areas from potential Class 3 areas. In this one case the flizzy 

membership functions produced for Class 2 and Class 3 potential fire severity were so 

similar that they were combined into a single membership function. 

Producing Individticil and Conthined Fuzzy Classifications 

The membership functions described above were used to classify the seven images. 

With the exception of the aspect image, each image was subjected to each of the three 

membership functions created from the training data from the same image. Aspect was 

only classed into two fuzzy membership images. This process created 20 fuzzy 

classification images. Seven images represent the fuzzy classification of the each pixel's 

membership value in a potential Class 1 category. .Another seven represent each pixel's 

membership value in a potential Class 3 category, while only six images were produced to 

represent each pixel's membership value in a potential Class 2 category (Figure 6). 
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K T 1  i c r  2  K T S  

Slope DEN Aspect Texture 

Figure 6 Each of the images from figure 4 has been subjected to the membership 

functions illustrated in Figure 5. Each pixel of the seven images has been classified 

with a membership value for each of the three fire effects classes in Table 1. The color 

assignments are the same as in Figure 3. Areas that are classified as predominantly 

canopy replacement are red, surface fire as green, and no fire as blue. 
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Each of the three severity class groups of images was averaged to create three 

aggregated gray-scale images. Each of these images represented the aggregated fuzzy 

classification for each pixel's membership in one of the three severity classes. A red-

green-blue (RGB) combination was then used to create a single image that combined the 

information available in all three of the fuzzy classification images (Figure 7). 

The relative membership value of each pixel in each of the three severity classes 

determined the pixels overall color Pixels with potential Class 1 membership value of 1 

are colored blue. Pixels with a potential Class 2 membership value of one are colored 

green, and pixels with a potential Class 3 membership value of one are colored red. The 

many pixels with some fuzzy combination of membership values are displayed in a color 

that illustrates the relative brightness of each of the input images for that individual pixel 

(Figure 8). 
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Figure 7. A RGB image combining all the information available in the seven 

classification images of Figure 6. The relative membership value of each pixel 

determined the overall color. The pixels are displayed in a color that elucidates the 

relative brightness of each of the input images. As this image is an average of other 

images, the membership values of each pixel no longer absolutely add up to one. As a 

result there are many subtle shades that indicate areas that are classified differently in 

the original seven classifications of Figure 6. 
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DEM ^TM Data 

/ l \  y/w 
Slope Elevation Aspect KTl KT2 KT3 Texture 

Field data and effects map 
' used to classify each image into 3 

classes of severity ^ ^ 

// TtT l\ 

\\ \ 1 / 
All 7 images averaged 

into a single hazard image 

Figure 8. A flow chart showing the processing steps used to produce the fuzzy 

classification of the potential severity patterns of future fires in the San Mateo 

Mountains, seen in Figure 7. 
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Results and Discussion 

As with any model designed to predict possible future conditions, these images are 

difficult to test. As the Coffee Pot Fire was the source of the burn patterns as well as the 

genesis of the field data used for these classifications, using the patterns of this same fire 

to test the effectiveness of the classification represents circular logic. Future fires would 

better test the images. Such fires may not, however, bum the entire range at the height of 

fire conditions any more than did the Coffee Pot Fire. These hazard images, therefore, are 

not intended to represent actual expected burning patterns. Rather, these images are 

intended to represent the degree to which each pixel shares reflective and topographical 

characteristics with areas of the Coffee Pot Fire that burned in known ways under extreme 

fire conditions. 

Because field data points were excluded from the classifications that created the 

hazard maps, and the hazard images were produced entirely from pre-fire TM data, it 

remains prudent to use the field data points to examine the effectiveness of these 

techniques subjectively Examination of field data values superimposed over sections of 

the fijzzy image in Figure 7 offers a reasonable tool for such analysis of the hazard image 

(Figure 9). 

Because fijzzy classification can indicate proportional membership in several 

categories, it offers more information about the classification of each pixel than a similar 

discrete classification. 
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# Unbumed 

Canopy 
# Replacement 

Figure 9. Areas of the fuzzy classification from Figure 7 have been expanded and 

field data superimposed. Imagery represents the hazard model produced here. 

Individual data points are shown as small pentagons shaded to indicate the severity 

of the Coffee Pot Fire. This hazard imagery was produced from pre-fire TM and 

elevation data. Similarities in the patterns indicate that in these areas the hazard 

model indicated some of the fire behavior experienced at these locations. Others 

areas with widely spaced trees and grassy fuels were not as well predicted by the 

model. 
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One advantage of fuzzy classification in applications such as this is intuitive display 

of the relative uncertainty attached to the classification of each pixel, whereas, traditional 

discrete classification does not help analysts understand which pixels may be more or less 

cenain. In this application, tlizzy classification indicates each pixel's probable bum 

pattern. Patches with extensive mixed fuzzy membership pixels indicate areas that may be 

subjected to a wide range of fire effects Discrete classification may indicate that this same 

area is as likely to exhibit homogeneous fire effects. 

Other Variables Affecting Fire Patterns 

Actual fire behavior is modified by a variety of circumstances that influence the 

pattern of vegetation mortality For example, the potential fire surfaces produced assume 

fire burns each pixel in extreme tire conditions similar to the those that led to the 

vegetation monality observed in the Coffee Pot Fire. Many areas of the fire, however, did 

not burn under the extreme conditions. If these areas were included in the training sets, 

areas that may have involved canopy destruction in different conditions may be 

misrepresented. It is necessary, therefore when using this technique to assure that training 

sites are representative of areas burned in the conditions of interest. 

It would also be possible to produce similar hazard images based on training data 

derived from areas burned under known cooler, moister conditions. The areas back-

burned at night, for example, could be used as training sites, to produce a range-wide 
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assessments of the probable outcome of other night back-bums that might be used to fight 

future fires, or prescribed fires burning in moister times of year. 

The bum pattem of the Coffee Pot Fire is a limited model of potential fire-induced 

vegetation moaality for many reasons. One significant difficulty is the Forest Service's 

efforts to suppress the Cotfee Pot Fire. As the fire progressed, fire lines were cut, aircraft 

dropped retardant on hot spots, and fire crews worked for weeks to minimize the impacts 

of this fire. Furthermore, the fire did not "visit every pixel,' much less bum every pixel at 

the height of daily fire conditions Finally, areas buming hottest and causing the greatest 

canopy destaiction were targeted for aircraft supported suppression efforts. As a result of 

these combined suppression efforts, any change detection image of the fire may understate 

the amount of canopy destmction that would have taken place without suppression. 

Accordingly the hazard images are usually expected to over-predict the amount of canopy 

replacement observed in the Cotfee Pot Fire 

When compared to the actual patterns of the Coffee Pot Fire, the hazard images 

can be seen to over-predict canopy mortality in the drainage bottoms that extend out from 

the fire (Medler and Yool 1997). This is probably caused by the extension of habitat types 

down into drainages Increased water supplies, shade, and cool air drainage all combine 

to support vegetation communities normally tbund at higher elevations (Alexander et al. 

1987). The vegetation in these drainages exhibits a spectral response pattern similar to the 

vegetation communities higher up on the peaks that were subjected to complete canopy 
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mortality. Far from discouraging, these sorts of topographically driven anomalies support 

the concept of incorporating both terrain and multispectral data. 

Possible Improvements in Fuzzy Classification 

When producing fijzzy membership functions it is important to consider the full 

statistical distribution of the training data. Are the training data skewed? Do these data 

have minima and maxima that e.\tend significantly into the next class'' These questions 

were used to direct the design of membership functions. In this application each of the 

fuzzy classifications produced were determined from a single-band data set. This allowed 

for the iterative examination of the etTectiveness of each input band. It was possible, for 

example, to recognize the inseparability of the Class 2 and Class 3 training data in the 

aspect image These observations helped guide the determination of the membership 

fijnctions for each band 

Fuzzy classifications and images presented here also reflect the choices made in 

defining the nature of the membership functions. The sigmoidal shape of the membership 

functions used in these fuzzy classifications is subjective, though supported by previous 

work (Eastman 1996). Other function shapes could have been chosen instead. More 

sophisticated versions of fuzzy classification determine membership fijnctions based on the 

complete statistical distribution of all bands of data simultaneously (Wang 1990 a, b, 

Maselli et al 1995, Jensen 1996). These techniques exploit the second order statistics of 

the training data (variance and covariance). These statistics are then used in a manner 
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similar to a maximum likelihood classification. In fuzzy classification, though, the 

maximum likelihood algorithm produces a fuzzy membership value for each pixel that 

reflects its relative probability of class membership in all categories based on all included 

data sets (Jensen 1996). 

In the application here, simple sigmoidal functions based on the relative location of 

the mean values of the training data sets in the single-band data set of each of the seven 

images were constructed This elementary technique was selected for its simplicity and 

repeatability. It was also designed to allow analysis of the effectiveness of a basic method 

when compared for difTerent inputs Improvement in classification accuracy could be 

expected with a more sophisticated multidimensional fuzzy classification algorithm. 

In an ideal fuzzy classification each pixel's membership values would sum to one. 

This is true in each of the seven fuzzy classification presented in Figure 4. The multi

dimensional algorithms discussed above would also accomplish this. In the final averaged 

classification presented in Figure 7, however, the linear combination of the seven flizzy 

images produces many pixels with other total values. 

The simplified fuzzy classification presented here, however, does produce a hazard 

image with more possible complex color combinations than a system in which all 

membership values sum to one (draped over a DEM for easy spatial visualization in Figure 

10)  
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Figure 10. The hazard image from Figure 7 has been draped over a DEM of the San 

Mateo Mountains. Such visualization tools can aid the interpretation of such spatial 

data. 
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This simplified system, therefore, captures the discontinuity that can be found in 

the various individual classifications. Pixels with values that do not sum to one have a 

discrepancy in the classification assigned them by the seven individual fuzzy classifications. 

Such knowledge helps underscore the possible confijsion in classification of such pixels. 

Because the seven original images used here contain considerable co-variability, 

areas with membership values summing to one indicate probable agreement between the 

seven input images .Areas with discrepancy between the seven images are more likely to 

produce pixels with membership values that do not sum to one 

Neural Nets as a Solution. 

.A.S stated above, in this application of fuzzy classification, each of seven bands 

were classified individually and then averaged to create a single image. This classification 

might also be improved by a computer assisted combination of the twenty individual fuzzy 

classifications. With a set of accurate ground reference data, it would be reasonable to 

investigate the efTectiveness of machine learning techniques such as neural-net processing 

(Baraldi and Parmiggiani 1995, Paola and Schovvengerdt 1995, Foody 1996, Yool 1997 in 

press) Such an application could for example, search iteratively for a best fit non-linear 

weighting of the twenty individual fuzzy classifications. In producing a set of coefficients 

that maximized the accuracy of the classification, neural-net processing may elucidate the 

spatial configuration of synthetic combinations of factors that determine fire behavior, in 

ways impossible with linear combinations of these same factors. 
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Conclusion 

The integration of remotely sensed and terrain data appears well suited to the 

mapping of wildfire hazards. The KT transformation of TM data helps coordinate the TM 

data with combinations of physical determinants of fire, while DEMs can be manipulated 

to produce informative terrain images. 

Fuzzy classification techniques have been shown to be well suited to the mapping 

of historic forest fires (Medler and Yool in review a). The continuous and fuzzy nature of 

real burn patterns may be better captured through this theoretical approach to analysis and 

display of spatial data. Once produced, this type of historic map is also an effective 

baseline for the e.xtrapolation of e.xpected fire behavior in similar areas. This technique 

maps the degree to which unburned areas share both terrain and multispectral 

characteristics with areas that burned with observed severity. The results of this model are 

compared to actual burn patterns of the historic fire. Areas that burned without 

suppression during the height of afiernoon fire conditions are best predicted by the model. 

Areas with widely spaced trees and grassy understory appear to be misrepresented, but 

this may be a consequence of inaccuracies in the initial fijzzy mapping of the fire. 

The hazard maps produced here benefit from the reduced data dimensions and the 

associations with phenomena that are made possible with the KT transformation. Further 

work needs to be done, however, to test the effectiveness of this type of hazard 

assessment system Nevertheless, the results shown indicate there is good reason to 



consider extracting fire hazards from a complex synthesis of variables without first 

deconstructing the nature of the relevant determinants. As Stephen Pyne observes in Fire 

in America, 

"VVildland fire behavior multiplies probability with probability. 

Unlike Astronomy, vvhere it is possible to predict the position and velocity 

of individual objects with great precision, fire behavior deals with statistical 

ensembles - the limitless nuances of fuel complexes, the restless variety of 

topographic tbrms, and the maddening vagaries of weather." (Pyne 1982, 

p . 2 l )  

In the face of these "statistical ensembles," the techniques presented here 

extrapolate fire hazards from the results of a historic fire. Rather than modeling the 

individual processes that govern fire behavior, this technique uses pattern recognition 

techniques to illustrate the spatial patterns of the complex ensembles associated with 

observed fire behavior 
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