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ABSTRACT

Many factors effect the behavior of forest fires, result-
ing in complex spatial patterns after each fire. To
manage growing fuel loads and associated fire haz-
ards, as well as prioritize prescription efforts, it is es-
sential to improve our understanding of the spatial
patterns of potential fire effects. The study presented
here models forest fire hazards directly from remotely
sensed spectral response and digital terrain models,
without first mapping each specific determinant of fire
behavior. Remotely sensed satellite data arefirst used
to map theinternal burn patternsof historicfires. These
maps are used in conjunction with fire recordsto iden-
tify polygons that underwent compl ete canopy mortal-
ity while burning at the height of afternoon fire condi-
tions. These polygons are then used to extract spectral
and terrain patterns from pre-fire satellite data and ter-
rain models. Once extracted, these signatures are used
as the basis of amaximum likelihood classification of
the entire southwestern mountain range surrounding
the historic fire. This classification identifies pixels
with spectral response and terrain similar to those that
burned in known ways during the historic fire. The
effectiveness of the model istested against the historic
fire, and the spectral and terrain patterns are also used
to classify another nearby mountain range to deter-
mine whether results from one area can be applied to
another region. Preliminary results are promising.

INTRODUCTION

This paper presents a technique for quickly mapping
fire hazards directly from remotely sensed spectral re-
sponse and digital terrain models, without first map-
ping a set of specific determinants of fire behavior.
Many traditional techniques of fire modeling and fire
hazard mapping, instead, strive to integrate accurate
spatial representation of the determinants of fire be-
havior, with mathematical models of fire behavior
(Rothermel 1972, 1983, Andrews 1986, Finney 1995).
While these techniques have great promise, they re-
quire very accurate high-resolution spatial data. Even

if remote sensing is used to map variables such as
canopy cover or fuel models, much time and energy
must be devoted to gathering the field data necessary
for accurate classification of the remotely sensed data.
Once accurate spatial data is assembled for an area it
must be integrated with mathematical models of fire
behavior, ignition points and climatic conditions.

Such systems can offer valuable tactical and strategic
toolsfor evaluating potentia fire hazards. The spatial
patterns of forest fires, however, are influenced by a
host of complex factors such as soil, wind, terrain, and
vegetation. Accurate quantification of al these rel-
evant determinants is prohibitively difficult. Micro-
climate and winds, for example, change quickly and
chaotically even while fires burn. Also, such deter-
ministic models of dynamic systems can be extremely
sensitive to initial conditions and subject to possible
error propagation.

To address some of the complexity inherent in fires,
the system presented here maps and model sfirethrough
pattern analysis of the synthetic combinations of de-
terminants that is represented in spectral response and
terrain models. These techniques use remote sensing
and field data to first map the complex internal struc-
ture of historic fires, then those same patterns are used
to extrapolate and model a potential pattern of canopy
mortality in the larger region surrounding the historic
fires. This method isintended to maximize efficiency
and accuracy through modeling only potential canopy
mortality. Such a system is not intended to be a true
predictive model of expected fire effects. Rather, this
system indicates which areas share spectral response
and topographic characteristics with areas that expe-
rienced complete canopy mortality under known con-
ditions in a previous fire. Such spatial information
could be quickly produced and applied to ahost of plan-
ning and public information needs. As the products
are based on the patterns of recent fires, it is also intu-
itively easy for mangers and the public to understand
that the maps are spatial extrapolations of a fire they
may have recently experienced themselves.
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STUDY AREA

The study areasfeatured here are the San Mateo Moun-
tains in New Mexico and the Chiricahua Mountains
of Arizona. These rugged mountainsaretypical South-
western “sky islands.” Specifically, theareas of higher
elevation have cooler temperatures and higher precipi-
tation than the surroundings. Mixed conifer commu-
nities occupy the highest elevations. Pinus ponderosa
(Ponderosa pine) dominates the middle range. The
lower elevations contain Pinus edulis (pinion) and
Juniperus (juniper) communities, surrounded by semi-
arid grass lands (Alexander et al. 1987).

Each range was the site of a mgjor firein 1994. The
Coffee Pot Fire burned over 20,000 acres in the San
Mateos, while the Rattle Snake Fire burned a similar
area of the Chiricahuas. Both fires burned with unex-
pected severity. Of particular concern to the Forest
Servicewasthelarge size of some patches of complete
canopy replacement and associated soil deterioration
(Macdonald 1996). For future fire planning in both
ranges the Forest Service would like to understand
potential spatial patterns of other futurefires. Thefires
studied here can offer models of what might be ex-
pected from similar future fires that might occur in
similar meteorological conditions.

TECHNIQUES
Field Data

In the summer of 1996 an automated terrain stratifica-
tion procedure was used to place 8 transectsinvolving
nearly 500 individual circular plots (Medler and Yool
Forthcoming). Plots were placed along these transect
lines at constant intervals. To link the DEM-gener-
ated terrain models and the TM data with ground ob-
servations, aglobal positioning system (GPS) was used
to obtain coordinates of ground samples, permitting
accurate correlation of observed vegetation mortality
with the geocoded TM and terrain data sets.

Each transect point defined the center of acircular plot
with a 20 meter diameter and simultaneously, the ref-
erence point for placement of four neighboring plots
placed 30 meters out in the four cardinal directions.
Fire and vegetation datawere recorded at each of these
plots. The resulting five-plot sample design compen-
sated for GPS errorsand minor misregistration between
the ground reference data and the 30 meter raster data
sets (Jensen 1996).

Satellite Data

Many effects of wildfire, such as vegetation mortality
and soil discoloration, are detectable with satellite re-
mote sensing (Jakubauskas 1990, White et al. 1996,
Kaufman et a. 1998). The spatial burn patterns of
both the Coffee Pot and Rattle Snake fires are clearly
visiblein satellite data collected shortly after the fires.
(Figure 1)

: r.;: o
Figure 1. Landsat Thematic Mapper satellite im-
age of the Coffee Pot Fire. Falsecolor infrared im-
age showsvegetation in redder tones. Theeffectsof
the fire can be seen in the lower section of the im-
age. Clouds can also be seen obscuring some of the
areas.

TM data was acquired for the regions of both fires.
Images were selected from before and after each fireto
determine changes associated with the fires. The im-
ages were also selected on or near annual anniversary
dates to minimize seasonal differences. Both sets of
pre-fire imagery were geo-referenced to the USGS 30
meter DEM mosaic, (used latter for the terrain model-
ing component of this project), with lessthan 15 meter
(0.5 pixels) root-mean-square (RMS) error (Lillesand
and Kiefer 1994).
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The post-fire images were co-registered to the pre-fire
image using on-screen control points. The RMS error
for the post-fire image was aso less than 15 meters.
All 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 images,
image regression was undesirable, and lack of open
water limited the utility of dark body subtraction tech-
niques (Lillesand and Kiefer 1994, Jensen 1996).
Therefore, a histogram-offset technique was used to
adjust all bands through linear subtraction to bring the
minimum value of each band to zero (Campbell 1996,
Jensen 1996).

Tasseled Cap Transformation

To reduce atmospheric effects, compressthe TM data,
and relate TM spectrato fire phenomena, both pre-fire
and post-fire images were subjected to a Tasseled Cap
(TC) linear transformation (Kauth and Thomas 1976,
Crist and Cicone 1984 a, b, Collins and Woodcock
1996, Patterson and Yool 1998). This transformation
convertsthesix 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
TC bands, while noise and atmospheric effectsare con-
centrated 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 co-
efficients for TC are predetermined, and not derived
from the data sets themselves. The first three derived
TC bands have been related to brightness, greenness,
and wetness respectively (Figure 2)

Brightness

Greenness

Terrain Model

Two mosai cs of 30 meter resolution United States Geo-
logic Survey (USGS) DEMs were assembled for the
respective study areas. Standard ERDAS Imagine™
protocols were applied to the mosaics to produce el-
evation, slope, and aspect images. Slope and aspect
values were computed for each pixel, from the infor-
mation in the surrounding three-by-three pixel win-
dow. These protocols produced three spatially co-reg-
istered terrain data sets.

Define Known Polygons

Pre-fire and post-fire TC images were subjected to
image subtraction to create three individual images
representing fire associated changein brightness green-
ness and wetness respectively. Values from the field
data were used in conjunction with these change im-
ages, to identify contiguous areas of complete canopy
mortality as well as areas that underwent no signifi-
cant change. Fire records from the Coffee Pot Fire
were also examined and personal interviewswere con-
ducted with fire managers present during the 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,” with fire backing
down-hill at night. Once identified, areas that best
represent each of these two classes were digitized on
screen. (Figure 3)

Wetness

Figure 2. Pre-fire TM data istransferred into Tasseled Cap Brightness, Greenness, and Wetness images.
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Figljre 3. Polygons are defined from burned and
unburned areasin order to computetraining statis-
tics.

Generate Training Satistics

Once the polygons are digitized for each of the two
fire effects classes, training statistics are extracted for
each of the three TC images, as well as for each of the
three terrain model images. For each of the two fire
severity classes, values of the pixels in the training
polygons are recorded for each of six images. These
valueswere used to cal cul ate the maximum, minimum,
mean and standard deviation of each severity classfor
each of the six images. (Figure 4)
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Figure 4. Extracted polygons are used to create
training statistics for image wide classification.
These graphs show the separ ability of burned and
unburned pixelsin the training polygons. Similar

separability is seen in the data sets for elevation,
dope, and aspect.

Classify San M ateos

Once the set of training statistics are developed for
each fire effects class, these statistics are used as the
basis of a maximum likelihood classification of the
entire San Mateo range. In Figure 5 we can examine
the results of this classification. For comparison, Fig-
ure 5 also includes a change detection image to illus-
trate the actual patterns of complete canopy mortality
associated with the Coffee Pot Fire. Aswith any model
designed to predict possible future conditions, these
images are difficult to test. Asthe Coffee Pot Firewas
the source of the burn patterns aswell asthe genesis of
the field data used for these classifications, using the
patterns of this samefireto test the effectiveness of the
classification represents circular logic. Other fires
would better test theimages. Such fires may not, how-
ever, burn the entire range at the height of fire condi-
tions any more than did the Coffee Pot Fire. The haz-
ard image in Figure 5, therefore, is not intended to
represent actual expected burn patterns. Rather, this
imageisintended to represent the degreeto which each
pixel shares reflective and topographical characteris-
tics with areas of the Coffee Pot Fire that burned in
known ways under extreme fire conditions.

Classify Chiricahuas

Without further firein the San Mateos, it is difficult to
assess the accuracy of the hazard model presented
above. The technique described above can be tested,
however, by examining whether it predicts the spatial
patterns of similar fires in similar mountain ranges.
Thetraining statistics developed for the Coffee Pot Fire
were therefore used as the basis for a maximum likeli-
hood classification of the Chiricahuas. Such a classi-
fication identifies pixels in the Chiricahuas that share
spectral and terrain characteristics with pixels that
burned in known ways in the San Mateos. In Figure
6, this classification can be visually compared to the
actual burn patterns of the Rattle Snake Fire.

It is interesting to note that at first glance this model
does a better job of capturing the rough spatial pattern
of the Rattle Snake Fire than it does the spatia pat-
terns of the Coffee Pot Fire, upon which the training
datais based. However, the Rattle Snake Fire burned
a much larger proportion of the likely firescape than
did the Coffee Pot Fire. The San Mateo mountains are
more dissected with areas that impede fire contagion,
and suppression efforts at the Coffee Pot Firewere able
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Figure 5. Training statistics are used to classify the entire mountain range. Red areas on the left indicate
pixels with spectral response and terrain patternsthat are similar to the areas that experienced complete
canopy mortality in the Coffee Pot Fire. Theyellow areason theright indicate the actual burn patter ns of
the Coffee Pot Fire.

Figure6. Thetraining statisticsfrom the San Mateos ar e used to classify the Chiricahuas. Red areason the
left indicate pixels in the Chiricahuas that are similar to the areas of complete canopy mortality in the
Coffee Pot Fire. Theyellow patternson theright indicate the actual burn patterns of the 1994 Rattlesnake
Firethat burned in meteorological conditions similar to those found at the Coffee Pot Fire.
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to keep the fire from reaching into other flammable
areas. Another means of analyzing the effectiveness
of the hazard model generated for the Chiricahuas, is
a standard error matrix. 100 randomly placed points
were selected in the area of the Rattle Snake Fire. The
results are shown in Table 1.

Historic FireMap

Burned Unburned
M
(@] Burned 50 25
D
E Unburned O 25
L
Table 1.

The results in Table 1 indicate that the model accu-
rately predicted all 50 points that underwent complete
canopy mortality during the Rattle Snake Fire. 25
points that were unburned by the actual fire were mod-
eled however as burned areas. Ancther 25 points that
did not undergo compl ete canopy mortality were mod-
eled correctly. It is significant to note that the model
was created by defining training areas from a set of
pixels that represent areas burned by the Coffee Pot
Fire at the peak of afternoon burning conditions, un-
der minimal suppression efforts. Many of the areas
within the perimeter of the Rattle Snake Fire would
not fit these criteria, and so would be expected to un-
dergo less sever fire behavior than this “worst case”
model isintended to capture. Of more significanceis
that the model correctly identified the test pixels that
did in fact undergo complete canopy mortality.

Fuzzy Classification

Traditional set theory requiresthat all individual units
in a set either are, or are not, members of any given
set. A pine tree, for example would either be, or not
be, a member of the set of tall pine trees. The work
presented here could also be based instead on Fuzzy
Set Theory (Zadeh 1965, 1973). This aternative to
traditional set theory allows individuals “fuzzy” or
partial memberships in several categories.

A moderately tall pine tree, for example, may have
only partial membership in the set of tall pinetrees, or
apixel may be classified as only somewhat a member
of the set of pixelslikely to undergo complete canopy
mortality.

A classification scheme based on fuzzy logic can over-
come some of the long-standing problems associated
with using remote sensing to classify continuous phe-
nomena (Kosko and Isaka 1993, Jensen 1996). A tra-
ditional maximum likelihood classifier, for example,
uses the statistical distribution of spectral response
patterns of known areas to assign unknown pixels to
the most likely classification. By contrast fuzzy clas-
sification determines each pixel’srelative membership
inany number of classes, presumably avoiding theloss
of relative class membership information (Robinove
1981, Richardsand Kelly 1984, 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 think-
ing (ACM. 1984, Jensen 1996).

Figure 7. Fuzzy classification techniques and color
shading areused to display thedegreetowhich each
pixel shares spectral and terrain conditions with
areas that underwent known degrees of canopy
mortality. Theimage above thereforerepresentsa
fuzzy range-wide extrapolation of the effects of the
Coffee Pot Fire.

Fuzzy classification has been applied effectively to the
estimation of forest parameters such asforest type and
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vegetation (Foody 1992, Maselli et al. 1995). It has
also been applied effectively to mapping historic wild-
fire (Medler and Yool in review). Like many other
spatial phenomena, wildfire occurs with a continuum
of characteristics (Turner et al. 1994, Pyneet a. 1996),
and because factors determining burn patternsare fuzzy
and continuous in nature, the spatial patterns of these
complex phenomena may be represented better with
fuzzy classification.

The techniques presented above were al so used to pro-
duce fuzzy classifications of the fire hazards of the
entire San Mateo range (Medler in Review). In the
exercise presented here, each set of training data is
used to define fuzzy membership functions that assign
each pixel full or partial membership in the fire haz-
ard classes.

Like the other images shown in Figures 5 and 6, Fig-
ure 7 indicates which pixels share spectral and terrain
characteristics with the pixels that burned in known
ways during the Coffee Pot Fire. Unlike the previous
images, this fuzzy classification uses color shade to

actually indicatetherelative degree to which each pixel
shares those characteristics. Such a display can also
be valuable way to help elucidate the relative certainty
of each pixel’s classification. The redder pixels are
the ones that are closest to the mean values for the
pixels that underwent complete canopy mortality in
the Coffee Pot Fire, and therefore are the pixel’s clas-
sified with the most certainty.

Visualization

Figure 8 is a visualization of the fuzzy hazard model
draped over the DEM of the mountain range. Such a
display offers a more intuitive understanding of the
spatial distribution of the relative hazard information
presented. This three-dimensional model can also be
animated to allow a more complex or even interactive
exploration of the location of contiguous patches of
likely canopy replacement in relation to the terrain and
familiar physical features. Such imagery or anima-
tions can also be placed directly on web-sites and
thereby made available for land managers or the pub-
lic.

Figure 8. Imagery such as shown in Figure 7 can be draped over a digital elevation mode to create intu-
itively interpretable displays. Thefigureabove can also be animated or even displayed asan animated fly-
though over the Internet. Such tools could have great potential for public education, as they represent
extrapolations of fires many people still remember in their area.
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Such tools may be particularly useful for public out-
reach efforts aimed at educating the public about ur-
ban-wildland interface fire hazard issues. Becausethe
model is based on the patterns of arecent historic fire,
many people will remember that recent fire and can
easily imagine the ramifications of a similar fire burn-
ing through other similar areas, or perhaps their own
neighborhood.

CONCLUSION

The techniques presented here are not offered asare-
placement for current fire modeling or fire hazard
mapping efforts. Rather, this set of techniques offersa
quick and efficient way to display amodel of fire haz-
ards that is both intuitive and tied to events that have
already captured the public’s attention. Rather than
displaying a predictive surface that maps how the next
firewill burn, these techniques promote an understand-
ing of the spatial distribution of synthetic combina-
tions of the complex variables that determine multi-
spectra imagery, and the complex biophysical phenom-
ena that are captured by terrain models. It is hypoth-
esized and left for further investigation, that beside
the pervasive effects of meteorology, the spatial pat-
terns of fire are in fact determined by a similar set of
complex variables to those that determine multispec-
tral response, or are captured in terrain models.

ACKNOWLEDGMENTS

This work was made possible by a cooperative agree-
ment between the Cibola National Forest, Magdelena
Ranger District and the University of Arizona. Much
valuable assistancewas gratefully received from Jerome
Macdonald and Elizabeth Anderson (US Forest Ser-
vice), Steve Mertz (City of Boulder Open Space), Jo-
seph Watts (US Topographic Engineering Center), Matt
Rollins and Mark Kaib (University of Arizona Labo-
ratory of Tree Ring Research), and Mark Patterson and
Jason Rech (University of Arizona Department of Ge-
ography). Most of al, the entire project would have
been impossible without the steadfast guidance of Dr.
Stephen Yool (University of Arizona Department of

Geography).
REFERENCES

ACM 1984. Coping with the imprecision in the real
world: An interview with Lotfi A. Zadeh. Communi-
cations of the Association of Computing Machinery
27:304-311.

Alexander, B. G Jr., E. L. Fitzhugh, F. R. Jr., and J. A.
Ludwig. 1987. A classification of forest habitat types
of the northern portion of the Cibola National Forest,
New Mexico. USFS General Technical Report RM-
143.

Andrews, P 1986. BEHAVE: Fire behavior predic-
tion and fuel modeling system-burn subsystem, part 1.
U. S. Forest Service General Technical Report INT-
194.

Campbell, J. B. 1996. Introduction to Remote Sens-
ing, 2nd ed. Guilford Press. NY.

Collins, J. B., and C. E. Woodcock. 1996. An assess-
ment of several linear change detection techniques for
mapping forest mortality using multitemporal Landsat
TM data. Remote Sensing of Environment 56:66-77.

Crigt, E. P, and R. C. Cicone. 1984 a. A physically-
based transformation of thematic mapper data-the TM
tasseled cap. |EEE Transactions on Geoscience and
Remote Sensing 22:256-263.

Crigt, E. P, and Cicone. 1984 b. Application of the
tasseled cap concept to simulated Thematic Mapper
data. Photogrammetric Engineering and Remote Sens-
ing 50:343-352.

Finney, M. 1995. FARSITE. Fire area simulator.
User’s guide and technical documentation. Version
1.0. System for Environmental Management. Missoula
MT.

Foody, G M. 1992. A fuzzy sets approach to the rep-
resentation of vegetation continuafrom remotely sensed
data: An example from Lowland Health. Photogram-
metric Engineering and Remote Sensing 58:221-225.

Jakubauskas, M. E., K. P. Lulla, and P W. Mausel.
1990. Assessment of vegetation change in a fire-al-
tered forest landscape. Photogrammetric Engineer-
ing & Remote Sensing 56:371-377.

Jensen, J. R. 1996. Introductory Digital Image Pro-
cessing: a Remote Sensing Approach. Prentice Hall.
NJ.

Kaufman, Y. J, C. O. Justice, A. W. Setzer. 1998. Po-
tential global firemonitoring from EOS-MODIS. Jour-
nal of Geophysical Research. Atmospheres 103; 3221-
5.



Contributed PapersfromtheModeling Session 9

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 Symposium on Machine Pro-
cessing of Remotely Sensed Data 4B-41-4B-51.

Kosko, B., and S. Isaka. 1993. Fuzzy logic. Scien-
tific American 271:76-81.

Lillesand, T. M., and R. W. Kiefer. 1994. Remote
Sensing and Image Inter pretation. JohnWiley & Sons.
Inc. NY.

Macdonald. J. 1996. Fire Management Officer, Cibola
National Forest. Several personal interviews with au-
thor.

Masdlli, F., C. Conese, T. De Filippis, and S. Norcini.
1995. Estimation of forest parameters through fuzzy
classification of TM data. |EEE Transactions on Geo-
science and Remote Sensing 33:77-84.

Medler, M. J., M. W. Patterson and S. R. Yool. 1997.
Image processing techniques for automated terrain
stratification. Proceedings of a Symposium on Effects
of Fire on Madrean Province Ecosystems. Tucson,
AZ.U.S. Forest Service Genera Technical Report RM-
GTR-289. pp.271-275.

Medler, M. J.,, and S. R. Yool. 1997. Improving TM
based classification of wildfire induced vegetation
mortality. Geocarto international 12:49-58.

Medler, M. J,, and S. R. Yool. 1998. Computer As-
sisted Terrain Stratification. Physical Geography.
Forthcoming.

Medler, M. J., and S. R. Yool. inreview. Fuzzy clas-
sification of forest fire. Professional Geographer.

Medler, M. J. inreview. Integrating remote sensing
and terrain data for modeling potential wildfire-in-
duced vegetation mortality. International Journal of
Wildland Fire.

Patterson, M. W. and S. R.Yool. 1998. Mapping fire-
induced vegetation mortality using Landsat 5 Thematic
Mapper data: A comparison of linear transformation
techniques. Remote Sensing of Environment 65:122-
132.

Pyne, S. J, P. L. Andrews, and R. D. Laven. 1996.
Introduction to Wildland Fire, 2nd ed. Wiley. NY.

Richards, J. A., and D. J. Kelly. 1984. On the concept
of the spectral class. International Journal of Remote
Sensing 11:987-991.

Robinove, C. J. 1981. Thelogic of multispectral clas-
sification and mapping of land. Remote Sensing of
Environment 11:231-244.

Rothermel, R. C. 1972. A mathematical model for
fire spread predictions in wildland fuels. USDA For-
est Service Research Paper INT-115.

Rothermel, R. C. 1983. How to predict the spread
and intensity of forest and range fires. USDA Forest
Service General Technical Report INT-142.

Turner, M. G, W. H. Hargrove, R. H. Gardner, and W.
H. Romme. 1994. Effects of fire on landscape hetero-
geneity in Yellowstone National Park, Wyoming. Jour-
nal of \Vegetation Science 5:731-742.

White, J. D., K. C. Ryan, C. C. Key, and S. W. Run-
ning. 1996. Remote sensing of forest fire severity and
vegetation recovery. International Journal of Wild-
land Fire 6:125-136.

Zadeh, L. A. 1965. Fuzzy sets. Information Control
8:338-353.

Zadeh, L. A. 1973. Outline of a new approach to the
analysisof complex or imprecise concepts, IEEE Trans-
actions. Systems, Man and Cybernetics, SMC-3:28-
44,



