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ABSTRACT

Computer models used to predict the pattern and rate of spread of fire
in grasslands as well as other vegetation types rely on various inputs for their
calculations. Because of the direct effect they have on the quantity of fuel
available to carry a fire and the effects of moisture on the potential for fuel to
begin burning and to sustain a fire, fuel loading measurements, which are
similar to production measurements in grasslands, and estimates of fuel
moisture are two important variables to be considered when modeling fire
behavior. The objective of this project is to determine if there is a
relationship between measured environmental variables and the fuel moisture
values at the same sample points which can be modeled with GIS data and
neural networks. This study was carried out using a combination of field
sampled data and common GIS data layers. The results demonstrate the

potential for neural network analysis in this type of environmental problem,



INTRODUCTION

Problem Statement

Semi-arid desert grasslands are an important ecosystem in Arizona,
occupying the entire southeastern corner of the state and stretching to the
northwest almost to Lake Mead in a swath 50 to 100 miles wide. Although
forage and livestock production is the major use of these grasslands, they also
support wildlife, provide limited fuelwood and water yield, watershed
protection, and recreational use. These areas are sometimes managed through
the use of prescribed fires, primarily for controlling burroweed, cactus,
creosotebush and mesquite.

Computer models used to predict the pattern and rate of spread of fire
in grasslands as well as other vegetation types rely on various inputs for their
calculations. Because of the direct effect they have on the quantity of fuel
available to carry a fire and the effects of moisture on the potential for fuel to
begin burning and to sustain a fire, fuel loading measurements, which are
similar to production measurements in grasslands, and estimates of fuel
moisture are two important variables to be considered when modeling fire
behavior.

Estimates of fuel moisture can be made using meteorological data and
plant physiology parameters (Running, 1978; Rothermel et. al., 1986; Simard

and Main, 1982) or they can be done directly by sampling the vegetation to be
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burned. Vegetation sampling is useful for planning prescribed burns and on
very small areas for research purposes. A prescribed burn which covers a
large area may well burn across more than one fuel type or other site
characteristic (such as soil type) which might affect the fuel moisture;
therefore, it would be useful to be able to predict the fuel moistures across the

entire area based on a few samples taken in a convenient location.

Objectives

Whether for modeling or for prescribed burn work, it is desirable (to
reduce costs and time expended) to sample the minimum number of plots
possible without sacrificing accuracy in the data. The goal of this research is
to develop a method which utilizes geographic information systems and
neural networks to predict the fuel moisture over large grassland ecosystems
based on a relatively few field data samples.

The objective of this project is to determine if there is a relationship
between measured environmental variables and the fuel moisture values at the
same sample points which can be modeled with GIS data and neural
networks. Since fuel moisture has a definite impact on the intensity and
behavior of a fire (Rothermal, 1972; Simard and Main, 1982), this information
will be useful to the manager as an important variable when planning

prescribed fires or managing wildfires.
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For this study, the GIS data layers will consist of soil available water
holding capacity, vegetation (in the form of fuel loading), elevation, slope and
aspect. Neural networks are a simple yet powerful tool with which which to
evaluate the patterns formed by these data layers with respect to the observed
fuel moisture, learn which patterns result in each output fuel moisture
category, and predict these outputs based solely on input data patterns. The
network then can use these learned relationships to predict fuel moistures
across an area not represented by the training files containing fuel moisture
data, as long as the other data layers are present. The predicted surface can be
recalibrated at any future time using a few current moisture samples taken
from known locations for reference. In this way the neural network can
incorporate both spatial and temporal changes in fuel moisture into its

prediction routine.

Expected Results and Benefits

I will demonstrate that neural networks are an effective technique for
finding consistent relationships between the GIS data layers which represent
environmental variables, and the sampled live and dead vegetation moisture
at georeferenced locations. If these patterns can be determined, fuel
moistures for locations outside the study area, even including areas for which
some environmental data may be partially incomplete, can be predicted based

on the known relationships. The benefit to the manager of this technique is
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the potential for more accurate prediction of fuel moisture with limited
sampling. A manager able to predict the fuel moisture conditions over a very
large area as a result of several samples taken at convenient locations, not
even necessarily on the parcel identified for a prescribed burn, would also
have the benefit of being able to anticipate conditions in areas surrounding the

burn in case of accident.
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LITERATURE REVIEW

Four categories of literature were reviewed in the preparation of this
thesis. These included general information regarding the measurements of
various vegetation parameters such as biomass, cover, moisture content; the
use of geostatistics, statistics, and other methods for spatial variable
prediction; documented or proposed application of geographic information
systems to other forestry, fire or range problems; and the use of the artificial

intelligence technique or neural networks as applied to natural resources.

"The ability to predict fire behavior is of fundamental importance to
wildland fire managers. Fire behavior is primarily controlled by fuel
moisture, fuel bed characteristics, and windspeed, with fuel moisture exerting
the greatest overall influence." (Simard and Main, 1982). This assertion
forms the basis for understanding the importance of accurate prediction
and/or modeling of fuel moisture. Fuel moisture prediction formulas and
models are numerous; many of these are based on fuel type and weather data.
In this work, an attempt will be made to develop a basic model for predicting
fuel moisture based solely on environmental factors which are spatially

coincident with the fuel.
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General Vegetation Measurements

This body of literature was reviewed to provide guidance with respect
to sample design as well as appropriate handling of the acquired data. These
guidelines included field as well as lab techniques for collecting and
measuring samples. In some cases the standard procedures noted in the
literature were modified to fit the requirements inherent in providing data

designed for neural network analysis.

Vegetation moisture, which constitutes fuel moisture for this
application, is measured as the weight of water in a sample compared to the
oven dry weight of the biomass. Sampling procedures for fuel moisture
measurements generally indicate that samples be taken of all species which
would play a major role in the spread of a fire, and that samples should be
taken from several individuals of each species. As it influences fire behavior,
the significance of live fuel moisture increases as the ratio of live to dead fuel
on the site increases. This reflects the fact that live fuel is generally wetter
than dead fuel, and therefore may have an inhibiting effect on the spread of
fire as the moisture and/or ratio of live to dead fuel increases. Moisture

contents of grass and shrubs may change diurnally, with live (and dead) fuel
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moisture generally being at a minimum in mid-afternoon. Samples should be
weighed in the field then returned to the lab for drying (optimally within 24
hours) and reweighing (Rice, 1989). While live to dead fuel ratios were
available from the data collected, for the sake of simplicity they were not

incorporated into the final neural network analysis.

A number of methods are available for determining fuel loading
depending upon the type of fuel present. For grassland fuels, the techniques
are basically the same methods used to estimate standing biomass in
grasslands. At least some clipping and weighing is preferred, as this increases
accuracy over simple ocular estimation (Brown, et al., 1982). Clipping for
range condition frequently requires fhe samples to be separated by species or
life-form categories. However, for fuel loading estimates the vegetation need
only be separated into live and dead categories, with a distinction being made
between fine fuel (grass) and larger fuel (large shrubs). Sampling
considerations for fuel loadings include selection of an appropriate plot size,
determination of clipping height, separation of samples into live and dead as
well as large and small categories (Bonham, 1989). Again, the samples

should be weighed in the field then returned to the lab for drying. These
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sampling parameters were evaluated with respect to grassland fuels; while
some large shrub (mesquite) samples were taken, these were not used in the

final neural network analysis.

Location of sample plots for all measurements should take into account
the distribution of species over the area, any differences in topographic
positiop or aspect, and the location of any natural firebreaks which would
make it unlikely that a fire would reach a particular area. I possible, locations
should be selected throughout the area to be burned, and include the driest and
wettest areas, as well as representative areas (Rice, 1989). Formulas are
available for calculating the required number of samples for statistical
accuracy. It is generally required (for fuel loading in a forestry application)
that errors be within 20% of the mean estimates, and a suggested minimum
number of plots is 15 to 20 (Brown, et al., 1982 and Delisle, et al., 1988).
However, smaller numbers of plots may be used if they are representative of
the vegetation condition, topography, and aspect of larger areas and produce
errors within 20% of the mean. In addition, it was noted by Delisle et al. that
for estimates of fuels finer than 7.0 cm in diameter, considerably fewer

samples may be required for all estimates to be within the suggested 20% of
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the mean. The sample data used in this application was taken from a regular
grid of points laid out roughly paralleling the stream channels on a study plot

which was scheduled to be burned.

Examination of GIS data layers can help determine where sample plots
should be located to take advantage of representative environmental
conditions. The use of microsites based on drainage patterns has been shown
to be a useful way to reduce the number of samples required, while
maintaining or even reducing sample variance. In some instances, for
grassland applications, a 50-60% reduction in the number of samples
required, along with reduction in cost associated with sampling, was observed
using microsite sampling methods (Larson and Larson, 1987). Since the GIS
database for this area was not completed at the time the plots were laid out,

this was not an option.

Use of Geostatistics and Other Methods in Mapping

Some geostatistical manipulation of data was undertaken during this
project. One data set required the use of geostatistical techniques to

extrapolate a point coverage over a surface. This body of literature was
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reviewed in an effort to provide greater understanding of the geostatistical
techniques available, as well as how to correctly format and manipulate the

input data and interpret the results.

Since vegetation moisture can be seen as a continuous variable over a
surface, additional information about the number and spacing of sample plots
can be obtained through the use of semi-variograms and geostatistics. The sill
of the semi-variogram will indicate the distance at which the data values at
two sample points will become independent of one another, and are no longer
spatially related. Ideally, then, sample plots used to create a surface should
not be separated by distances greater than the range of influence indicated by
the semi-variogram (Clark, 1979). Geostatistical evaluation of an existing
data set can be done to determine the range of influence of a particular
variable. This range, as well as a geostatistical determination that the data
contains no drift, can then be used in later GIS applications which assume that
data are isotropic and which require input of the range values. These
assumptions were used during the database development step which required

the extrapolation of point sampled fuel loading data to a surface.



18

While geostatistics has found the most use in the areas of mining and
geology, the use of statistics in conjunction with spatial analysis and GIS
database construction has been applied to many environmental projects. Van
Wagtendonk (1991) in his analysis of environmental variables contributing to
lightning strike frequency in Yosemite National Park, included a lightning
probability map based on number and location of recorded lightning strikes
for a six year period. The probability maps were produced by superimposing
over each recorded lightning strike, for each year, a normal probability
surface. In combination with GIS layers representing environmental features
such as elevation, slope, aspect, and vegetation type, this study attempted to
predict, using simple statistical methods, which factors most affected the
probability of a lightning strike in the area. This method was not considered
appropriate, as the goal of this study is to incorporate all environmental
variables without regard to which might be most closely related to fuel

moisture.

Viney et al. (1991) developed a method to spatially model the moisture
content of forest litter. This model made extensive use of previously

documented meteorological, fire behavior, and hydrological models. Using
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the TOPOG hydrological model to simulate spatial distribution of soil
moisture, and incorporating modeled or remote sensed meteorological data,
the researchers were able to produce a model which predicts the spatially
variable equilibrium moisture content of the forest litter. By applying a model
of fuel moisture dynamics, they anticipate being able to predict surface fuel
moistire across a given area for any given weather conditions. This method
did not make use of any GIS or Al technology, but used deterministic or
process based models to simulate and relate the water and energy balance on
the surface, as well as meteorological effects. This method involves much
more direct use of meteorological data than the current project, which could
allow for these effects on a more long-term basis as a function of repeated

sampling in the same area over time.

Efforts have also been made to estimate vegetation moisture using
remotely sensed data, often incorporating GIS techniques. While some
research indicates that the use of AVHRR sensors provides an accurate
indication of fire danger in grassland fuels (Paltridge and Barber, 1988), other
projects have encountered some difficulties using this technology to predict

live vegetation moisture in heavier or mixed fuels (Burgan, et al., 1991).
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These problems can be related mainly to the large pixel size of 1 square
kilometer and resulting variability of microsite vegetation moisture, further
complicated by moisture variability between species when observing
non-homogeneous fuels. Though the current project is being carried out in
homogeneous fuels, the poor spatial resolution of most remotely sensed data

for a relatively small study area makes the use of this method impractical.

Research done in California chaparral fuel has attempted to use
strategic modeling and GIS technology to develop methodology for
investigating chaparral fuel properties. Most of this research was statistical or
geostatistical in nature, using such tools as kernel density estimates and
semivariograms to model spatial variability of dead vegetation across a
surface. GIS applications were used with the incorporation of soils maps in
an effort to determine any relationships between environmental factors and
levels of percent dead vegetation (Rechel and Paysen, 1991). The results of
this research were not published, merely the methodology. While the current
project does incorporate geostatistics in the production of one surface as done

here, the analysis of relationships between environmental factors and fuel
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moisture will be done using neural network techniques rather than GIS

analysis.

Use of GIS in Fire

The use of GIS in the study of fire behavior and fire spread prediction
is a relatively new and rapidly growing field. These works were reviewed in
an attempt to determine what aspects of fire and/or fuels have been studied
using GIS technology, as well as how the results of the current project might

benefit fire modelers/managers in the future.

The use of GIS in the study.of fire has been found in the areas of data
management and mapping, analysis and creation of "new information’, and
modeling of such processes as fire spread and weather. The Yellowstone fires
of 1988 provided an opportunity for the use of GIS to store, organize and
present the broad range of data assembled from field observations for
documenting and analyzing the growth of the major fires and fire complexes
in the Greater Yellowstone Area. The data layers created using field
information were also used to identify interrelationships among fire spread,

fuel types, weather, and terrain. In addition, the researchers planned to use the
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fire growth data which they had collected and mapped to develop and test a

fire growth simulation model (Hartford and Chase, 1991).

Fire managers face an increasingly complex set of issues with respect
to fire effects on wildlife and urban areas, multiagency cooperation, and
public scrutiny. They must rely heavily on information which describes
environmental and sociological factors, as well as the complex and dynamic
interaction between these factors. The integration and analysis of the data and
issues involved in fire management has become too complex to accomplish
manually. The use of a GIS for maintaining spatial database information as
well as manipulation and analysis of these data is vital to fire planning and
real-time decision making (Salazar, 1989 and Salazar and Nilsson, 1989).
This holds true for managers of grassland ecosystems as well as managers of
the highly visible forested ecosystems which the public views with such
affection. Though comparatively little work has been published on grassland
ecosystems, the use of GIS to describe and model fire processes in these areas

is no less important than in forested ecosystems.

Data analysis and the creation of new data are useful applications of

GIS technology in fire analysis. Analysis of map layers containing
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information about vegetation type, fire regime, aspect, elevation and landform
position was used by researchers in Montana to create a fire regime
classification which provided a model of the relationships between fire and
vegetation in a large wilderness area. This project was done primarily to
classify the frequency and severity of primeval fire regimes and compare
those regimes with modern fire occurrence. As such, the GIS was used

primarily as a data analysis tool (Barrett and Arno, 1991).

The use of a GIS for data storage and analysis will become more
necessary and widespread as the amount of data available to fire managers
increases. A GIS can provide a means of access to this data; it can integrate
maps and tabular data into a commeon spatial database, coordinates easily with
other resources, is easily updated, and facilitates the production of maps
customized to fit a particular problem or application (Hamilton, et al., 1989).
For these reasons the investigation into modelling of fuel moisture based on

available GIS data layers is felt to be timely and important.

Woods (1991) demonstrates the use of GIS for the creation of new
information in the area of fire management in the chaparral hillsides of

southern California. This project consisted of mapping a portion of the Santa
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Monica Mountains with respect to three methods of fire hazard classification
- fire history, fire line intensity, and burning index. Additional information,
including a digital elevation model, vegetation type, and weather data, were
also input into a raster GIS package. These layers were then manipulated by
reclassification and overlaying techniques to create new hazard models. In
this case the value of the raster based GIS as a tool came from being able to
recreate existing fire hazard models from existing fire hazard criteria as well
as the ability to create new models by combining these hazard criteria in
different ways. This analysis created data layers which contained totally new
information, rather than analyzing some data layers to determine the pattern
which predicts the values on another given data layer, as required by the
current project. This type of analysis will become increasingly common and
necessary as fire managers are faced with the need to extract usable

information from large quantities of sometimes seemingly unrelated data.

One application of raster based GIS analysis to grassland management
used many layers representing such variables as summer precipitation, slope,
soil texture, and grass production to predict grazing capacity and utilization

on a range in southern Arizona (Wissler, 1993). This study combined the use
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of data classes input directly from hard copy maps, point data which was
buffered using the GIS to give data classes, and point data which was
analyzed and kriged using geostatistics to produce hardcopy which could then
be digitized into the GIS as a data layer. This project involved data
preparation quite similar to the current application, but again did not include
the pattern analysis necessary to relate several data layers to another known

layer.

A project demonstrating the potential use of GIS in evaluating the
effects of fire included studying a post-fire activities such as salvage logging
and its effects on sedimentation (Wells, et al., 1991). In addition to standard
GIS analysis operations, such as spatial overlay and proximity analysis, this
study made use of several more sophisticated statistical tools such as analysis
of variance and regression modeling. This was a predictive model, again
designed to produce new information rather than duplicate given information.
While their main objective, to determine if logging aggravates the sediment
problem associated with fire, does not appear to have been met due to
extensive technical difficulties, this project nonetheless demonstrates the

potential for GIS type analysis in the area of natural resource management.
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Application of GIS techniques to the problem of fire behavior is a
growing area of interest. While some preliminary attempts indicate that
spatial data analysis and particularly raster-based GIS technology offers the
promise to more realistically estimate wildland fire behavior potential and
improve upon spatially unresolved fire behavior models, such as BEHAVE
(Kalabokidis, et al., 1991), other researchers have encountered significant
difficulties. In one instance, researchers in Australia concluded that at present
the analytical capabilities of commercial GIS (including Arc/Info and
Intergraph) were inadequate for many scientific applications, specifically the
analysis of fire spread vectors (Beck, 1991). These disparate findings may be
due partly to the resolution and accuracy of results required as output, The
current limitations of the software packages for the purpose of modelling fire
spread should not, however, lead to lack of development of data, applications
or models which would support more efficient fire spread models in the
future. As noted above, these models should always require some type of

information regarding fuel moisture.

Ball (1990) and Vasconcelos (1988) also attempted to make use of GIS

programs for the simulation of fire spread across a surface. Ball also makes
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note of the fact that GIS programs were not designed for dynamic modeling
which requires environmental variables to change in value in order to
accurately represent the ecosystem. Fire is a dynamic process partially
because of the changing nature of environmental variables, which includes
fuel moisture. While the procedures developed by Ball and Vasconcelos are
useful for modeling the spread of a process across a changing environmental
surface, they are not applicable to the prediction of a single variable across the
same surface, even when several of the determining environmental factors
which influence the condition of the process and the variable are identical
(such as slope and aspect). Therefore, their technique was not seen as a
substitute for the current application with respect to modelling fuel moisture

across a changing environmental surface.

Use of Al in Natural Resource Analysis

The use of neural networks and other artificial intelligence techniques
for agricultural and natural resource applications is becoming increasingly

common. This body of literature was reviewed to investigate some other
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types of research being done using neural networks, and to determine whether

neural networks would be useful for this application.

A neural network can be seen as a massively parallel and dynamic
system of highly interlinked parts which is based on an analogy to the
workings of the brain. A basic back propagation network contains three
layers. A series of input nodes are connected to neurons which distribute data
to the second (hidden) layer. The hidden layer neurons are connected to the
output layer nodes (Figure 1). A series of algorithms alternately sums and
weights the data values to produce the output value. The network learns by
comparing its predicted result from analysis of the input patterns to the actual
result in the output training file and adjusting the internal weights used in the
hidden layer algorithms. Neural networks are said to learn by example rather
than by programming. For a more complete explanation, see Openshaw

(1993) and Guisse (1993).

When weighing the benefits of a neural network against those of
traditional statistical approaches, it is noted that these approaches often
cannot cope with the complexities of spatial data analysis particularly in a GIS

context (Openshaw, 1993). An important attribute of the neural network is
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that there are no assumptions made about the distribution of the input data, as
there are in traditional statistics. This is particularly helpful for some types of
environmental data which may not meet the statistical assumptions governing
distribution or randomness, and data which may be partially incomplete. In
addition, at least one study has shown that a neural network using the back
propagation model (as used in this study) produced results which were equal
to or better than those produced by traditional statistical approaches in several

predictive studies (Van Nelson and Neff, 1990).

Using any number of data input layers, neural networks can be taught
to recognize and classify patterns found within the input data which produce
the given output value. A GIS provides an efficient means to capture and
prepare data for input into a neural network (Wang, 1992). Further, a project
which developed a neural network application for land suitability analysis
determined that, despite problems specifically related to neural network based
GIS modeling, this approach could perform more realistically on their

diversified GIS layers than the traditional GIS manipulation approach.

Sui (1992) felt it was especially important that the network be provided

with sufficient representative data to use in the process of training the neural
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net; if this was done, his model performed the land suitability level at what
was felt to be an expert’s level. Work by Gimblett et al. (1994, 1995) and
Bishop (1994) have clearly demonstrated the utility of using neural networks
in conjunction with GIS in situations where data is missing or have unknown
values. this work shows considerable promise for ecosystem management

and for augmentation of statistical analysis.

The problem of acquiring sufficient representative data was
encountered in the current project. Despite this, the ability of neural network
pattern recognition to predict a single desired value based on a combination of
other known values made this a better choice than geostatistical or GIS data
manipulation alone, which might be used to predict values for fuel moisture
without attempting to include the associated or determining environmental

variables which influence them.

The combination of GIS and expert systems has also been shown to be
useful for improving forest fire management techniques (Gronlund, et al.,
1994). In a study combining these two approaches, it was demonstrated that
a knowledge-based expert system could be used in conjunction with a series

of GIS layers and user input information to prioritize areas of a state park with
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respect to fire risk. This system will allow better fire response planning by
freeing managers from the burdens imposed by an overabundance of complex
spatial data and limited knowledge regarding the spatial analysis techniques
required to make use of it adequately. The addition of an expert system is not
necessary for the current project, since the aim is not to provide fire
management (or other interactive) information, but simply one input (fuel

moisture) into the evaluation process.

Review of this literature was encouraging in its description of neural
networks as good pattern matching tools which were able to function with
noisy or incomplete data without fear of violating statistical assumptions. The
use of this technology is increasing rapidly in natural resource applications,
and the task of predicting fuel moisture as an input for fire management

should be well within its capabilities.
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METHODS

Site Description

This research was carried out in south central Arizona, on the Buenos
Aires National Wildlife Refuge. Measurements were taken on a 550 acre plot
just to the west of the headquarters building for the Refuge. The site is located
on USGS 7.5’ quad Presumido Peak, immediately east of Arizona State
Highway 286, approximately 6 miles north of the Mexico border.
Approximate latitude and longitude are 31%35° 00" west and 111° 32’ 30"
north (Figure 2).

Vegetation in this area is primarily desert grass, snakeweed, burroweed,
and mesquite. Mesquite is found primarily in the riparian areas, but on some
parts of the refuge is encroaching heavily onto the grasslands. Main species

found include Eragrostis lehmanniana (Lehmann lovegrass), Prosopis

velutina (velvet mesquite), Bouteloua spp., Trichachne Californica (Arizona

cottontop), Hilaria belangeri (curly-mesquite), Gutierrezia microcephala

(snakeweed), Aplopappus tenuisectus (burroweed), and many species of
annual forbs. The small area where the burning is being carried out is
relatively flat, with elevations ranging from 3460 to 3540 feet. The vegetation
here is nearly all grass with some shrubs, and mesquite usually restricted to

the washes.
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The climate is semi-arid, with moderate temperatures year round.
Precipitation of approximately 14 inches annually follows the typical
southern Arizona bimodal pattern, with about 65% of the annual precipitation
occurring from April through September. The area is being managed for
Masked Bobwhite Quail as an endangered species, with mesquite and brush
control a high priority. The goal of the prescribed burning program is the

improvement of the grass community in order to promote quail habitat.

Field Measurements and Lab Analysis

Field measurements for the study area included fuel moisture and fuel
loading. These measurements were taken at each point on a 51 point grid
which was laid out in the study area in the spring of 1992. An initial starting
point for this grid was randomly selected in the northwest corner of the study
plot, approximately 50 meters from the main gate of the Refuge. From this
point, the first transect line was surveyed in at 550 east of south (true azimuth
of 125%). Three-foot lengths of iron rebar were used as stakes to mark the grid

points, which were located every 200 meters along this first transect line.

The last point on the first (northern-most) transect line was placed

approximately 100 meters west of the eastern edge of the study area. The
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second transect line was begun from a point referencing the last i)oint on the
first transect line. From this point, a line was surveyed at 35° west of south
(true azimuth of 2150), and the first point of the second transect line was
located 200 meters distant from the starting point on the first transect line.
This transect line was then surveyed in at 559 west of north, 180° from the first

transect line,

‘When the last point on the second line had been placed near the west
edge of the study area, the distance between this point and the first point
placed on transect line one was checked. This distance was 200 +/- 5 meters,
and the point placements were considered to be acceptable with this margin of
error. From here, four more transect lines were established, keeping the
surveying angles constant, and adjusting the number of points on each line to
fit the irregular shape of the study area. In all, 51 sample points were located.
The numbering of the sample locations was done at the time the first set of
field data was collected, rather than at the time of surveying. The field data
was collected by several groups of graduate students. Each group numbered
the sample points in their assigned area with a set of pre-numbered tags. This

was not necessarily done in consecutive numerical order (Figure 3).
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In April and May of 1992, measurements were taken at these sites

several times. Data collected on April 25 and May 18 represent live and dead
fuel moisture. Field samples were collected within a 2 meter radius of the grid
point and placed in small brown paper bags which were stapled closed and
weighed using a hand held spring balance. The live vegetation collected was
taken from the species (including grass and shrub) most prevalent in the area
immediately surrounding the point. The dead vegetation collected was
mostly dead grass litter with some dead shrub twigs with diameters less than
5 mm. The graduate students assisting in the data collection were instructed
to collect approximately 100 to 150 gm of material in each bag. For moisture
measurements, one bag of each (live and dead vegetation) was collected from
each point. The bags were marked with the sample point number, date,

vegetation condition (live or dead) and weight to the nearest gram.

Data collected from May 1 - 4 represent live and dead fuel loading
(biomass) at each of the 51 points. For these measurements, a 0.5 m? frame
was placed randomly within a 2 meter radius of the grid point. All vegetation
within the frame, both live and dead, was clipped to a height of approximately

2 cm. This material was separated into live and dead components, and all
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dead litter found within the frame was added to the dead clipped vegetation.
These samples were stored in brown paper bags and stapled closed. The bags
were weighed in the field using hand held spring balances, and each bag was
marked with the type of vegetation (live or dead), date, point number, and

weight to the nearest gram.

The bags of vegetation collected in the field were returned to the lab for
drying and re-weighing. The samples were dried in the bags, ina 70° C oven
for 24 hours, after which they were weighed to the nearest gram on a Metzler
balance. The weight of an empty bag before and after drying did not change
significantly (less than one gram) and this difference was not factored out of
the vegetation measurements. All vegetation samples were discarded
following drying and re-weighing,.

Moisture content of the collected samples was calculated using the
formula ((wet weight - dry weight)/ dry weight) x 100. Several samples were
either mislabeled or missing, resulting in either no data or spuriously large,
small or even negative values for fuel moisture percent. These entries are
listed in the tables of values, but were not used in further calculations done on

the April 25 and May 18 data sets. Two sets of measurements at each grid
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point were taken on May 1, 1992, Therefore, if data were either missing or
suspected of being invalid for either of these measurements, the data from a
single measurement were doubled and used to represent this sample point.
Since it was the most complete, the May 1, 1992 data set was selected for use
in this study. Tables containing the field data measurements can be found in

the Appendix.

GIS Database Development

Computerized geographic data layers were collected using ARC-INFO
software. Information for the hydrology, elevation, and boundary layers was
collected from the 7.5 minute USGS quad Presumido Peak. The various
layers were digitized from this quad sheet using PC ARC-INFO, then
exported to the workstation version for analysis. All layers include a buffer of
several thousand meters surrounding the study area; this was necessary to
produce rectangular (rather than irregular) shaped data layers which are
required for raster analysis. In addition, this buffer area, which contained no

field collected information with respect to vegetation parameters, provided an
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area on which to test the neural network’s ability to predict an outcome when

provided with incomplete input data.

A 200 m square grid was generated using ARC-INFO, and points were
extracted to form a point coverage. This point grid was then oriented to the
correct (surveyed) angle and projected to the correct location in space using
six known locations for reference. The locations of six of the 51 sample
points were obtained using a mobile GPS unit. These points were checked for
accuracy using manual triangulation, then used as a link coverage to warp the
point grid already produced. This step allowed the final point coverage to
conform more accurately with the actual ground locations of the points, rather
than relying on point locations calculated from reported surveying techniques

and an estimated starting point.

After the point grid was warped, the remaining 45 sample points were
located based on their relationship to the six known points and all but the
required 51 points were dropped from this data layer. All points were labeled
with the stake number used in the field, as this number references all collected

data. This data layer was checked against the digitized area boundary for
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accuracy. It was found to be acceptable within the limits allowed for GPS and

digitizing error, as well as published USGS map error.

Soil information at the series level was obtained from the Soil
Conservation Service. This information was in the form of a 7.5 minute
orthophoto quad of the same area (Presumido Peak). The soil polygons were
digitized from this quad, and exported to the workstation for analysis. Soil
polygons were attributed with available water holding capacity for the soil
type of each polygon. Where a polygon represented an association of two soil
types, the mean AWC was used for attribution. This information was
obtained from the published Soil Survey of Santa Cruz and parts of Cochise
and Pima Counties, Arizona; current information on soils not yet included in
this survey was obtained from officials at the Soil Conservation Service
office. Available water holding capacity figures are published with accuracy
of two decimal places, and this level of accuracy was maintained in the
attribution of the soil coverage. The data values were not manipulated in any
way before exporting them to neural net usable format, as they were within

the range of acceptable values for input. The soils layer already consisted of
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polygons, and this layer was simply gridded in ARC/INFO at a pixel size of 2

by 2 meters.

Information required for the construction of elevation, slope and aspect
layers was obtained by digitizing contours and known elevation points from
the quad sheet. All contour lines depicted on the quad sheet (at 20 foot
intervals) were digitized into a line coverage. In addition, located bench
marks and several elevation high points were digitized into a separate point
coverage. Several other coverages were constructed to aid in the generation
of an elevation surface. These included the boundary outlining the study area,
several small polygons representing known flat areas (dry lake beds), and line
coverages consisting of the streams located by USGS and the ridge lines

interpolated from the contour lines (Figure 4).

After all the data were organized in ARC/INFO layers, they were then
manipulated using GIS tools before being used as input into the neural
network. Since input to the neural network must be an ascii table, with data
values preferably between zero and one, several steps were required to

convert the data to this format. The first major step was converting all data
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layers from their original point, line or polygon format into raster format. The

second step was to produce an ascii file representing the raster layers.

GIS Data Manipulation

The study area does not possess much topographic relief (40 meters
total), and this made manipulation of the elevation contours somewhat
difficult. This layer was first transformed as a line coverage into a TIN
(Triangulated Irregular Network) in an attempt to interpolate values between
the widely spaced contour lines. The additional coverages used in this
interpolation included streams and ridge lines, known elevation points (such
as benchmarks) on the area, known flat areas (such as a dry lake bed). Several
attempts were made at this interpolation; however, due to the relative lack of
relief over the small area, none were able to accurately reflect every contour
represented on the quad sheet. A TIN was finally selected which used a weed
of 60 units and proximal of 40 as inputs to the ARC/INFO command
’createtin’ and this surface was deemed to be as accurate as could be hoped for

given the limitations of the software, available data, and topography.
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This coverage was then turned into a lattice (grid), again at a pixel size
of 2 by 2 meters. Both of these processes were carried out in ARC/INFO.
Again, attempts were made to insure that the resulting grid accurately
reflected the contour surface of the area. However, due to limitations of the
software, and since the actual topographic relief is rather minimal, and the
study area and pixel size are both quite small, the resulting surface does not
reflect the exact topography of the area. For the purposes of this study, the
relatively minor differences between the surface as represented and the USGS
published elevation at the site (a matter of less than 10 meters) was not

considered a major drawback.

After completing the neural network training and recall using this
elevation grid and the slope and aspect grids produced from it, the resulting
generated surface representing fuel moistures was found to be very triangular
-in nature, mimicking the appearance of the original tin. This was thought to
be an unlikely representation of the distribution of vegetation moisture, so the
TIN was reconstructed and the analysis run again. For the second attempt the

contour lines were converted to a point coverage, then generalized at a

spacing of 40 meters, which greatly reduced the number of points being used.
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The point coverage containing miscellaneous elevation points was added to
this elevation point coverage, and this coverage was then used as the basis for
creating the TIN. In addition, the other line coverages used as break lines
were generalized at 40 meters, which again reduced the number of points

being accessed during the TIN production process.

This process had the effect of reducing the total number of triangles, as
well as the number of flat triangles, which represent areas of constant
elevation. The resulting TIN was slightly more generalized in appearance
than the previous one, but was thought to be less likely to contribute to the
triangular nature of the output. An additional adjustment made for the second
trial included gridding the TIN originally at a resolution of 40 meters. This
adjustment entirely eliminated the triangular appearance of the slope and
aspect grids produced from the elevation grid. The elevation grid was
resampled to a resolution of 2 x 2 meters to conform with the rest of the data,
but still maintained a somewhat blocky appearance, being not nearly as
smooth as the original elevation grids produced at 2 x 2 meters directly from

the TIN.
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Once this grid was created, the elevation values were converted from
feet (as digitized) to meters. For input into the neural network, the elevation
values as created were not acceptable, as they contained real numbers with at
least six decimal place accuracy. Not only is it unrealistic to assume that these
very exact values were truly accurate, they were also too exact for the neural
network to deal with effectively. Therefore, the elevation values were split
into eight values as shown in Table 1. Since the area is quite flat, the reclass
catgories were selected to cover a (relatively small) five meters of elevation

change in order to provide the nerual network with a variety of values.

Table 1. Reclassitrcation of Elevation values for NN Input
Interpolated Elevation Range (m) NN Input Value
1052.5 - 1057.5 S5
1057.5 - 1062.5 .60
1062.5 - 1067.5 .65
1067.5 - 1072.5 70
1072.5 - 1077.5 75
1077.5 - 1082.5 .80
1082.5 - 1087.5 .85
1087.5 - 1092.5 90

As can be seen by the above table, the actual elevations represented by
this surface range only from 1052.5 meters to 1092.5 meters, a matter of only
40 meters in total relief over the area. The NN Input Value listed was

obtained by taking the midpoint of the Interpolated Elevation Range,
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multiplying by .01, and subtracting 10. The coverage was reclassified by
using the ARC/INFO GRID module ’slice’ command and a reclass table

consisting of the input data ranges and the desired output value.

A slope coverage was obtained using the simple ’slope’ command in
the ARC/INFO GRID module. This returns the slope in each of the cells in
percent, including zero for flat areas. From the original elevation grid, the
resulting slope map displayed a somewhat triangular appearance. The second
elevation grid (at resclution 40 meters) was used to produce a slope map at 40
x 40 meters which was then resampled to 2 x 2 meters. This displayed none
of the triangular nature of the first grid but, again, was not nearly as smooth
due to the original pixel size. The values produced were again very accurate
real numbers, with too many decimal figures to be usable by the neural net.
The values ranged from just over .5 to just under 11.5, and were split into
categories using the ’slice’ command and the values shown in Table 2. Since
this area is quite flat, the reclass categories were selected to cover one degree
of slope. This rather small distinction in slope was intended to provide the

neural network with a variety ofinput values.
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[Table 2. Reclassification of Slope Values for NN Input

Derived Slope Values (%) NN Input Values
S5-15 1
1.5-25
25-35
3.5-45
45-55
55-6.5
6.5-7.5
7.5-85
85-95

Couonpe i

The aspect coverage was also created based on the elevation grid, and
using the simple ’aspect’ command in the ARC/INFO GRID module. This
command returns a surface in which each cell contains a value representing
the azimuth in degrees at which the slope is facing. Flat slopes return a value
of -1. These values range from -1 to 360, and were split using the ’slice’
command into eight equal ranges which begin at .1 for the 45 degrees facing
due north, ending at .8 for the 45 degrees facing due south. Values in between
indicate areas with the same degree of aspect from north to south, facing
either east or west. As with the slope grid, the original aspect grid was highly

triangular in nature. The second trial produced a courser, yet hopefully more
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accurate representation. The values used to slice the grids are shown below in

Table 3.
[Table 3. Reclassification of Aspect Values for NN Input

Computed Aspect (degrees) NN Input Value
-1 (flat) 0.0
0-22.5 & 337.5-360 1

22.5-45 & 315-3375
45 - 67.5 & 292.5 - 315
67.5 - 90 & 270 - 292.5
90 -112.5 & 247.5-270
112.5 - 135 & 225 - 247.5
135 - 157.5 & 202.5 - 225
157.5 - 180 & 180 - 202.5

SRR . SRV I R VR N

GIS Data Extrapolation and Geostatistics

The field data representing fuel loading and fuel moisture were entered
into an INFO (database) table which was then connected, by sample point
number, to the previously constructed georeferenced grid. The resulting point
coverage was expanded to create surfaces for live and dead fuel loading using

the May 1, 1992 values. The actual surface generation was done using the

inverse distance weighting routine in ARC/INFO, which requires that the data
be spatially related and isotropic in nature. To insure that these data fit the

criteria, they were first examined using GEOEASE geostatistical software.
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Both sets of loading data were examined for drift, and to determine the
range of influence from the semivariogram model produced by GEOEASE.
Although the kriging standard deviation was considered acceptable on cross
validation, the mean difference was somewhat high for both sets of data. This
was not improved by any change in search angle (allowance for drift), and
was attributed to the large range in data values, especially for the dead loading
data (per Donald Myers). This analysis provided an estimate of the range of
influence for both data sets of 400 meters, and confirmation that there was no

drift present in the data.

The ARC/INFO inverse distance weighting routine (IDW) was rua on
both sets of loading data, using the radius of 400 meters as determined by
GEOEASE to be the range of influence. This routine produced a grid at pixel
size 2 X 2 meters, and covered a rectangular area. Since the shape of the
sample point grid was approximately triangular, there was a great deal of area
between the edges of the rectangle produced by the IDW routine and the outer
sample points where the estimates of loading were invalid. Hence, these
loading grids were ’trimmed’ to eliminate the invalid projections which were

too far from a data point. This was done by simple multiplication of the
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loading surface grid with a binary (1,0) grid which had been produced for the
purpose. This grid is a simple digitized polygon which encloses the data
points at a distance of not more than 50 meters (well within the determined
range of influence), with assigned values of one inside the polygon and
values of zero outside. Multiplication by this grid has the effect of preserving
all values of another grid inside the area of value one, and elimination of

values outside that area (returning the value of zero). See Figure 5.

The field measurements for fuel loading were taken in grams over a 0.5
m? plot. To convert this to tons/acre, the data values were first added together
for the two measurements taken at each point - this gave values of grams/mz.
In cases where one measurement was missing for a point, the remaining
measurement was simply doubled. After the grid was created, the values were
multiplied by 0.0046 to convert to tons/acre, which produced small numbers
in the range acceptable to the neural network. However, once again the
problem of real number precision arose and the loading values were reclassed
(using the ’slice’ command and a reclass table) as shown in Table 4. The size
of the caategories used for reclassification was selected arbitrarily, .05

ton/acre for live loading and .1 tons/acre for dead loading.
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Table 4. Reclassification of Vegetation Loading values for NN Input
{Live Loading Dead Loading
Values (ton/acre) NN Input Values (ton/acre) NN Input
225 -.275 25 S55-.65 .60
275 - 325 30 .65-.75 70
325 - .375 35 75-.85 .80
375 - .425 .40 .85-.95 90
425 - 475 45 95-1.05 1.00
475 -.525 50 1.05-1.15 1.10
525 - .575 .55 1.15-1.25 1.20
575 -.625 .60 1.25-1.35 1.30
625 - .675 .65 1.35-145 1.40
675 -.725 .70 145-1.55 1.50
725 -.775 75 1.55-1.65 1.60
775 - .825 .80 1.65-1.75 1.70
825 - .875 .85 1.75-1.85 1.80L
875 - .925 .90 1.85-1.95 1.90
0925-.975 95 1.95-2.05 2.00
975 -1.025 1.00 205-2.15 2.10
1.025-1.075 1.05 2.15-2.25 2.20
1.075 -1.125 1.10 2.25-235 2.30
1.125-1.175 1.15 2.35-245 2.40
1.175-1.225 1.20 245-2.55 2.50
1.225-1,725 1.25 2.55-2.65 2.60
2.65-275 2.70
275-2.85 2.80
2.85-295 2.90
295-3.05 3.00
3.05-3.15 3.10
3.15-3.25 3.20
3.25-3.35 3.30
335-3.45 3.40
345-3.55 3.50
3.55-3.65 3.60
3.65-3.75 3.70
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Additional required input for the neural network training file was the
live and dead fuel moisture at each of the 51 points for which the other six
data values were known. These values were obtained in the field, measured
to the whole gram. These data sets were reclassified, using the ’slice’
command and a reclass table, into categories for input to the neural network
as shown in Table 5. The range of values used for this scheme was selected

to provide output representing relatively standard categories of fuel moisture

which a fire manager might find useful. For example, very dry fuel (< 70%
live and < 10% dead moistures) would be considered very flammable. Fuels
approaching the moisture of extinction (approximately 24% moisture for dead

and 140% for live fuels) would be much less flammable, possibly serving to

[Table 5. Reclassification of Vegetation (Fuel) Moisture for NN Input

Live Fuel DeadFuel
Moisture (%) NN Input Value Moisture (%)} NN Input Value
< 70 N | <10 1
70 - 80 2 10-15 2
80 -90 3 15-20 3
0-100 4 > 20 4
100-110 S
110-120 .6
120 - 130 v
> 130 .8
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help extinguish the fire depending on its intensity.

The neural network input values representing fuel moisture and aspect
do not bear a direct relationship to the original values. In the case of fuel
moisture the important values for live fuel moisture could be classified as very

low (below 70%), very high (over 130%), and any number of convenient
categories in between. For this analysis the intermediate values were broken

into ten categories, and the values assigned as input to the neural network
should be seen as arbitrary category designations rather than some numerical
manipulation representing the actual value. Likewise, dead fuel moisture is
classified as very low (<10%), very high (>20%), and two categories in
between. The output values as predicted by the neural network would fall into
these same categories, and no more precise figures could be derived by

numerical manipulation of the output figures.

Since the neural network was to be trained on only the original 51
sample point locations (not every pixel of the grids created) the values of each
data layer at each of the 51 sample points needed to be determined. For
surfaces which were not derived from field sampled point data, the location of

each of the 51 points needed to be located on the grids so that the appropriate
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information could be obtained from (map) constructed data layers. This was
done by first constructing another binary grid using the locations of the 51
sample points as the points with value one, the remaining area of the grid as
value zero. When this grid is multiplied by any of the data grids, the values of
these grids at each of the 51 points will be returned in a background of no data
values. A simple C program was written which extracted the 51 data values

and returned an ascii table.

This multiplication process was not required for data layers derived
from sampled data, such as the live and dead loading layers, or the live and
dead fuel moisture layers. Only the layers which consisted of surfaces
generated from lines or polygons were required to be treated in this way.
These layers included soil, elevation, slope and aspect. However, the

procedure is a simple one and all data layers were treated the same way to be

sure that data values for each layer were obtained at exactly the same point.
For layers which were derived from field sampled data, the 51 data points
derived from this multiplication process were checked against the original
data for consistency. The resulting grids were then converted into ascii

format using the ARC/INFO ’gridascii’ command and the background values
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were stripped out leaving files with values for the various coverages at only
the 51 known data points to be used as the input training file by the neural

network.

The desired end result of this project is the continouos representation of
fuel moisture across a surface. As noted above, a surface can be produced
from point data using the inverse distance weighting routine. Two other
methods which may be used to produce a surface from point data include
kriging and trend surface analysis. These methods were not considered for
this project since they require very dense sampling of the area to be modeled.
The objective of this work is to allow a manager to use data readily available
to produce fuel moisture; therefore, intensive sampling of the nature which

would be required to use any of these other methods was not suggested.

Neural Network Analysis

The analysis of the data collected in the field coupled with the
information gathered from other sources and reproduced as GIS layers was
performed using a neural network program. The goal was to train the neural

network to recognize patterns in the GIS data layers which correspond to the
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51 known data locations, and associate them with the known fuel moistures at
those points. Once the network is trained, it can then be used to predict fuel
moistures across a larger area using only the GIS layers. This can theoretically
be done even in the case of incomplete data for some layers, and will predict
the spatial distribution of fuel moisture with respect to an area. To allow for
temporal variation, the predicted moisture surface could be adjusted using a

few moisture values from known points as reference.

Much data manipulation was required (as noted above) to increase the
efficiency of the neural network. A network which is looking at real numbers
with large numbers of decimal places for either inputs or outputs could be
encountering a virtually infinite range of values, and would never be expected
to identify patterns in the data. For this reason, all input and output data layers
were broken into a finite number of possible input and output values, and
these values were assigned individually. The accuracy of the data available,
both map generated and field obtained, make this an acceptable option. In
addition, the accuracy of the output data is acceptable for use by fire planners,

as fuel moistures calculated to accuracies greater than those groupings
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assigned as live and dead moisture categories above will not improve the

accuracy of the burning prescription significantly.

Neural networks are trained on files consisting of input data patterns
and corresponding output values. The data must be structured in such a way
that the input values with which the network is trained correspond to data
which are available for input to the network for an actual application. In
addition, the desired output values must have some meaning to the application.
Once the data hve been converted to usable form, the network can be

constructed and trained on representative data values.

Two neural networks were built, one with each set of data. A network
for recognizing patterns relating to live fuel moisture was trained on a file
containing the GIS data layer inputs for elevation, live fuel loading, slope,
soil, and aspect. The expected output values for this training set consisted of
the reclassified live fuel moisture data at each corresponding point. The
output values (ranging from .1 to .8) were converted to binary format, so that
the training file contained columns of numbers representing the five input
variables, followed by eight columns which contained either a zero or a one,

depending upon the value of the output at that point.
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The network for recognizing patterns relating to dead fuel moisture was
trained on a file containing the GIS data layer inputs for elevation, dead fuel
loading, slope and aspect. The soil layer was not used for training this file, as
soil moisture has little impact on the moisture of dead fuel on the surface in a
desert grassland environment. As in the live moisture file, the outputs
(ranging from .1 to .4) were coded in binary fashion. The training files for
both live and dead fuel moisture were built by simply pasting together the
ascii files containing columns of input data to produce one file with four or
five columns of input data ordered according to the point number of the
research plot, and columns of output data consisting of ones and zeroes
representing the known output which corresponded with that row of inputs

(Table 6).

Both networks were built using an input layer (five or four notes), an
output layer (eight or four nodes), and a hidden layer consisting of 20 nodes.
Several different structures were tested in an effort to improve the
performance of the network. These changes included increasing the number
of hidden layers from one to two. This change was not helpful for either of

the networks. Another manipulation consisted of increasing the number of
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Table 6. Example of Neural Network Input File
Sample Point Input Values (reclassified) Output Category
aspect deadload elevation slope 1234
0.400000 0.160000 0.750000 0.100000 0100
0.200000 0.300000 0.800000 0.300000 1000
0.800000 0.170000 0.750000 0.300000 0100
0.300000 0.090000 0.800000 0.300000 1000
0.700000 0.080000 0.700000 0.400000 0100
0.500000 0.210000 0.750000 0.300000 1000
0.700000 0.110000 0.600000 0.000000 0100
0.600000 0.070000 0.750000 0.200000 1000
0.600000 0.090000 0.600000 0.100000 0010
0.700000 0.100000 0.750000 0.000000 1000
0.200000 0.180000 0.700000 0.200000 0010
0.000000 0.210000 0.600000 0.000000 0010
0.700000 0.110000 0.700000 0.300000 1000
0.500000 0.370000 0.700000 0.100000 0100
0.700000 0.060000 0.700000 0.100000 0010

nodes in the hidden layer from a minimum of 1.5 times the input nodes (eight

or six) to a maximum of 20. This change did seem to produce a better trained

network and was retained. The internal weights used by the network in the
comparison algorithm were set to .3 for both nets. Both networks used a
signoid transfer function, summation function with learning rates at 0.9,

momentum term 0.6 and a conventional backpropagation network.
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After training the networks on the known data until no further
improvement in performance was noted, recall of the entire data sets was
performed. The files used for recall were structured in exactly the same order
as the training files, with the exclusion of the expected output values. These
very large ascii files were produced from the data grids representing
elevation, aspect, slope, soils, and fuel loading using the ’gridascii’ command,
and another simple C program was written to restructure the files from the
row/column format returned by ARC/INFO to a single column. These files
were then combined, as with the training files, and used as input for the recall

routine on the neural network.

In the case of the vegetation loading grids, there was considerable area
outside the study site which contained no values for these variables. A check
of the network determined the value it sees for no data (NaN), and this value
was used to replace the ARC/INFO assigned no data value of -9999 at the

time the files were converted into ascii grids.

The recall procedure involves inputting a set of data for which a
predicted output is desired into a network which has been trained to recognize

patterns in similar data. In this case, the networks had been trained to
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associate particular values of fuel moisture with patterns of values of other
environmental variables. When presented with only the environmental
variables, the network will then return a probability estimate for each
available outcome. The network for dead vegetation was trained with four
inputs and four possible outputs. Therefore, the recall will examine four
inputs and produce, for each row of inputs, four numbers representing the
probability of each possible outcome. If a pattern of inputs is recognized with
absolute certainty, the net will return a value of 1.0 for that outcome and 0.0

for the other three outcomes.

The files produced as output by the network consisted of either four or
eight columns of numbers (corresponding to the number of possible classes of
fuel moisture) (Table 7). A C program was written which examined these
files row by row, selected the highest value in the row (representing the output
with the highest probability as determined by the network), and returned the
position of that value. This effectively restored the data to the original format
of the fuel moisture categories, as determined above. The program also

reformatted the data into the ARC/INFO required row/column arrangement,
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[Table 7. Example of Neural Network Output File for Dead Moisture

Projected Cell Moisture Value Probability (%)

1l 2 3 4
0.000078 0.000000 0.999456 0.000021
0.000078 0.000000 0.999456 0.000021
0.000078 0.000000 0.999456 0.000021
0.000078 0.000000 0.999456 0.000021
0.000078 0.000000 0.999456 0.000021
0.000078 0.000000 0.999456 0.000021
0.000078 0.000000 0.999456 0.000021
0.998411 0.000000 0.988633 0.000071
0.998411 0.000000 0.988633 0.000071
0998411 0.000000 0.988633 0.000071
0.998411 0.000000 0.988633 0.000071
0998411 0.000000 0.988633 0.000071
0.998411 0.000000 0.988633 0.000071
0.998411 0.000000 0.988633 0.000071
0.998411 0.000000 0.988633 0.000071

and added back the required header. These files were then reconverted to

grids using the ’asciigrid’ command, and could be viewed in ARC/INFO.

After the results of the second trial (using the restructured TIN and
elevation grid) were viewed, some unexpected predictions by the network
prompted two more trials. These trials did not involve reformatting the grid
data, but simply retraining the network. Both the live and dead input files

were reduced in size from 51 values to 34 and 17 values each.
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The reduction in the number of input data values from 51 to 34 and 17
was done with the goal of balancing the proportions of output values
represented. For example, if there were ten output nodes representing
category 1 of live méisture, and only 2 output nodes representing category 6,
the number of nodes representing category 1 would be reduced. This was
done simply by dropping them from the input table. No particular criterion
was used to select which specific input values (representing output node in
category 1) would be removed. As such the reduction in the size of the

training files was partially systematic, and partially random.

The resulting input files, while containing fewer examples for the
network to learn from, more equally represented the expected output values.
The dead input values, in particular, were heavily dominated by values
representing fuel moisture of less than 10%. This was representative of the
actual conditions on the ground at the time of sampling, but did little to
provide the network with an equal distribution of examples for each fuel
moisture output class. The smaller training files were produced by
eliminating many of the values representing this outcome category and

retaining the examples leading to the other outcomes. The live input file was
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treated in a similar manner, where the very high and very low moisture values

were overrepresented.
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RESULTS

Basic statistical analysis indicates that the variability of the field
sampled fuel moisture on this site was rather high (Table 8). In addition, the
minimum value recorded for live fuel moisture (20%) was only 4% higher
then the maximum value recorded for dead fuel moisture (16%). The
standard deviations were high for both live and dead sample sets, in both cases

approximating 50% of the mean values.

The neural network analysis produced output grids consisting of
projected live or dead moisture values for the entire study area as well as the
buffer area used to create a rectangular grid for analysis. Six grids were
produced, representing the predictions of networks trained using all 51
sample points, 34 sample points, and 17 sample points (Figure 6). To
determine how well the networks had learned these input patterns, each was
tested by predicting the 51 sample (training) points which had known
outputs. The ability of these networks to predict known values decreased as

the number of input training examples decreased, as shown in Table 9.
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Grids Produced by Neural Network Projection
of Live and Dead Fuel Moisture
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Grids produced by neural networks
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[Tablc 8. Fuel Moisture Measurements/Statistics (%)

Mean Std. Dev. Minimum Maximum
Live 103.36 45.25 20.00 213.10
Dead 7.91 3.81 1.00 16.20

Table 9. Accuracy of Neural Network Projections (% correct)

31 pts. 34 pts. 17 pts.
Live 92 82 55
Dead 92 59 33

When the neural network was trained on the files containing all 51

input training data values, and subsequent asked to predict the fuel moistures

at those same 51 points based on what it had learned, it correctly predicted

92% of the known values for both live and dead moisture. When trained on

the files containing only 34 of the original 51 values, the network correctly

predicted 82% and 59% for live and dead moistures respectively. Finally,

when trained on the files containing 17 of the original 51 input data values it

correctly predicted only 55% and 33% of the known live and dead moisture

values respectively.
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With no known fuel moisture values outside the study area (in the
buffer), there was no way to determine how accurately the networks had
predicted moistures in these areas. One might expect to see the same type of
spatial variability in the surrounding areas as is observed in the study area
since the surrounding areas were very similar in terms of terrain and
vegetation. A visual inspection of the moisture prediction grids produced by
the networks indicates that this is not always the case. Some areas display
little variability; in other areas there are sharp distinctions between high and
low moisture values (such as at the edges of the study area), which would not

be expected to occur on the ground.

As would be expected, the projected live moisture grids contained more
variability than the projected dead moisture grids. To a greater or lesser
extent, all six grids displayed a distinct change in the complexity of the grid at
the boundary of the study area. The live moisture grid produced by the
network trained on all 51 sample points was the most complex, especially
within the study area. As the number of sample points used to train the
networks decreased, the resulting projected live moisture grids became more

generalized, particularly outside the study area.



73
The projected dead moisture grid produced by the network trained on
all 51 sample points showed limited variation within the study area, and
almost no variation outside the study area. The dead moisture grid produced
by the network trained on 34 of the sample points produced the most
consistent variability inside and outside the study area of all six grids. This is
most obvious visually in that the boundary of the study area is least noticeable

in this grid.
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DISCUSSION

Despite manipulations of both the original data and the neural network
training parameters (see below) the results of this study were not as
conclusive as anticipated. The factors which contributed to this less than
successful outcome seemed to fall into several categories: quality and/or
content of sampled data, technical (generally software) difficulties or
limitations associated with GIS data preparation, and neural network data

configuration and model design.

While intuitively one might conclude, based on past environmental
study, that a relationship does exist between the moisture of vegetation on an
area and locational variables such as soil moisture, amount of direct sunlight
received, and elevation, this particular study has limited success in modeling
that relationship well. Two possible causes of this failure could be the scale

of the project, and the characterization of the vegetation parameter.

One possible contribution to the poor quality of the field sampled data
was the original field sampling methods. The measurements were taken by

several teams of graduate students over the course of three days; the students
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did not necessarily have any training or experience in vegetation sampling
methods. The weather conditions during the sampling period were dry and
windy. Windy conditions, inexperience, and the accuracy of hand-held spring
balances may have led to some errors in the field (wet) vegetation weights, In
addition, there is the possibility that these very light (grass) fuels may have
undergone some drying between the time the May 1, 1992 measurements
were begun, and the time they actually concluded on May 3, 1992. Since it
was not possible to complete all the sampling in one day (even with several
teams working), and since there were no comparative samples taken in the
same area on each of the three days to determine if drying was taking place,
this possibility was ignored and the data set used was considered uniform and

complete as of May 1, 1992.

The study area consisted only of desert grassland, and was relatively
homogeneous. While the stated objective of this study was to develop a
model which predicted fuel moisture in homogeneous fuels, that fuel
description will not always apply to a management area. Some type of
representative vegetation GIS input layer is necessary for this analysis. Even

on this small homogeneous study area, wide differences in the loading and
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moisture values were found for the points sampled even as closely together as
200 meters. This supports the need for a type of data which would more
accurately characterize the vegetation on the site. In this study, the loading
(biomass) data were used to characterize vegetation, but that may not be the
most descriptive or most important measure of vegetation as it relates to
moisture. This measure was selected because the fuel was determined to be
homogeneous, and the measurements were readily available. However, the
variability in the loading data did not necessarily correspond to the variability
in the moisture data, and this may, therefore, have contributed little to the

successful training of the neural network.

If loading is found to be an acceptable measure of grassland condition
with respect to fire intensity (the ultimate goal for the fire manager), some
method must be found to sample it in a more general way over a wider area.
Or, perhaps percent cover of grass and shrubs would be an acceptable
substitute. In either case, it may be possible to obtain this information (in less
specific terms than those measured on the ground) by aerial photographs or
satellite images. These images might be imported into the GIS where they

could be used in the original raster format (assuming attributes could be
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attached to each cell), or simpler polygon coverages could be created using
visualized percent herbaceous and shrub cover as boundaries. These polygon
coverages could then be re-rasterized quite simply to create a continuous
surface as vegetation input to the neural network analysis. Expanding this
study to cover a wider area even if a single fuel type is still inherent in the
process, and generalizing the vegetation data to incorporate broader
categories of data at a coarser resolution would probably increase the success

of this process.

An important consideration in the changing nature of the environment,
particularly with the addition of fire, is the changing fuel loading values over
time. These moisture predictions were based on (assumed) constant fuel
loading values, and this will clearly not be the case. The dead fuel will
gradually build up over a period of time, and the live fuel will change from
season to season. In addition, the occurrence of fire on any area will
significantly change the amount of live and dead fuel present on the area.
Incorporation of the vegetation growth related changes into the data base
would require retraining the network, probably on a yearly basis, based on

new loading samples. This could be a time consuming process both in terms
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of field work and computer processing. Even this resampling procedure
would not allow for areas which had been burned. This would require the
more complicated procedure of training several networks, one for burned
areas and one for non-burned areas. This problem is beyond the scope of the
current application, but again supports the use of some perhaps more general
and readily available form of data to represent vegetation characteristics. This
is a requirement which would have to be taken into consideration before this

type of process could be used to predict fuel moisture in an actual application.

Another problem with the quality of data collected involves the training
requirements for the neural network. For optimal performance by the network
in identifying patterns in the data and associating them with the desired output
value, the training data must represent patterns which would be encountered
in the application data. In addition, it is preferable if the number and variety
of input patterns which produce the same output value are consistent for each
output value. In this data set, that was not the case. The number of data points
which fell into one or two categories of output data (live and dead vegetation
moisture percentage) far exceeded those in the other categories. For example,

the number of training data (sample) points which represented fuel moistures
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in the lowest category (<10%) for dead fuel moisture greatly exceeded the
number of points which represented fuel moistures in the highest category (15
- 20%). When the output values are not evenly represented in the training data
set, this can cause difficulty for the network in its attempt to identify patterns
correctly during the training phase, and again during the prediction phase.
Since the option of obtaining more data did not exist, the network training
proceeded with the data available. The output categories were reclassified
several times in an attempt to provide better results; however, the network still
had difficulty converging with both of the training data sets (live and dead

moisture).

Another reason for the poor performance of this neural network
application could be the differing levels of accuracy of the input data. For
example, soil data were extracted from an SCS soil map of the area. This soil
map was not created by testing the soil parameters at anywhere near the scale
at which the field variables were sampled. Hence, the soil data which we
work with are by necessity rather general. The field samples were taken at
200 meter intervals, and extrapolated from there at 2 meter intervals (the

resolution of the grids) while maintaining values precise to one gram. We
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really have no way of knowing whether some aberration in the conditions of
the vegetation at any one or many of these points may have led to
uncharacteristically low or high values, and these aberrations would then have
been incorporated into the IDW routine which extrapolated these data from
points to a surface. In the future, as stated above, this data layer should
probably be more general in nature. The data obtained from the USGS quad
sheets may be considered rather general as well. We have a idea, within the
limitations of our software applications, what the elevations are across the
terrain. These could not be considered absolute values, nor could the slope
and aspect values derived from them. Used with inconsistently scaled
environmental parameters such as these, I do not believe that neural network

predictions can be considered to be exact by any means.

The lack of topographic relief in this study area may have been
detrimental to the successful prediction of vegetation moisture. This area was
too similar in elevation to produce differences in vegetation moisture (on the
ground) based on that environmental parameter. In addition, the lack of relief

provided little variation in slope or aspect which might also have led to
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predictable variability in fuel moisture due to differential shading or

differences in rainfall runoff or infiltration.

Several problems were encountered with the data preparation. The
production of an elevation surface from information contained on a USGS
quad sheet was difficult due to the small study area and lack of topographic
relief. In the future, it would be preferable to supplement these data with
some surveyed points for small study areas. For a larger study area, the more
generalized elevation surface possible from this kind of input information

would be acceptable.

A technical problem was encountered with the production of a surface
grid representing continuous fuel loading from files containing only points of
data, as the surfaces generated tended towards a concentric circle pattern
around most of the sample points. The use of the Arc/Info IDW routine was
selected as the method for surface production, with the range of influence
obtained geostatistically. Attempts were made to eliminate the concentric
circle problem by manipulating the inputs into IDW algorithm, with little
success. Several other Arc/Info routines were tested to determine if a more

realistic surface could be generated. Several of these routines (trend surface



82
analysis and kriging) resulted in the loss of the actual (field) data values at the
sample points, with those values being replaced by the estimates produced by
the models. Since the neural network was trained on the actual data values, it
was not considered acceptable to lose these values in the surface to be used for
prediction. Attempts to model the surface using TIN (as with the elevation
surface) resulted in concentric triangular rather than circular patterns, and this
was not seen as an improvement in the surface. A possible reason for this
problem may have been the very precise nature of the field data. One
manipulation which was not attempted would be to generalize the field data
points before they were extrapolated across the surface, rather than
generalizing them from the resulting grid by slicing them into categories for
input into the neural network. This same type of categorizing routine done on
the points before running the IDW routine may have produced a better
surface, as well as improved the performance of the neural network. For a
management application, this problem should be irrelevant. An additional
reason for developing some alternate way of representing the vegetation layer

is that the use of the IDW routine to produce a surface from field sampled
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points requires many data points, and reducing sampling requirements is one

of the intended benefits of this technique.

The size of the study area may have contributed to the difficulties
encountered in extrapolating a surface from point data. A larger area with
points more widely distributed would also have led to a more generalized and
possibly less accurate surface; however, this study area is so small that it was
possible for very local aberrations in the data to take on greater importance
than they really possess with respect to the behavior of a fire across this
surface. The vegetation moisture values were also widely scattered, and

presented similar questions with respect to scale.

As stated in the Methods section, the resulting grids of predicted fuel
moisture projected from the recall of the networks trained using the original
elevation TIN data were rather triangular in appearance. The appearance of
the original elevation grid itself was not triangular, but rather sinuous and
smooth. The aspect and slope grids derived from this elevation grid, however,
both displayed the triangular appearance of the original TIN. This outcome
was apparently due to the fine resolution of the original elevation grid and the

algorithm employed by ARC/INFO to extract slope and aspect.
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This triangular representation of fuel moisture values was unexpected,
and not considered to be consistent with the way in which environmental
variables are expected to change over a surface. After restructuring the grids
to a larger cell size, retraining the networks and running the prediction
routines on the restructured grid data, the output fuel moisture grids lost their
triangular appearance. Some parts of the grid display rather smooth lines
between output values, while other parts are rather coarse and blocky. This is
due to the larger cell size of the second set of input grids, and was not
improved by resampling to smaller cell sizes. (Although it should be noted
that had all the grids been left at the resolution of 40 x 40 meters, even the

remaining smooth areas would have been course as well.)

This alternately course linear and sinuous representation of areas of
varying fuel moisture was still not felt to be exactly representative of
conditions on the ground; however, it was felt that this more closely
represents the likely pattern of changes in value for these vegetation
parameters than the original triangular shapes. As such, these grids were
considered acceptable as output, and the additional trials done on the network

used the second set of input values as well as recall files. This experience
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reinforces the contention that the scale of this study was too small and should

have dealt with a larger area and more general data.

Another consideration when determining the success or failure of this
project involves the performance of the network itself. The first difficulty
encountered was the failure of the network to converge. Convergence would
indicate that the network had learned all the patterns presented perfectly. As
noted above, several manipulations were undertaken to encourage
convergence, including expanding the hidden layer to 20 nodes, decreasing
the number of output nodes, and jogging the internal weights up to .3. These
manipulations were designed to allow the internal algorithms more flexibility
in identifying conflicting input patterns which produced the same output
value. In addition to these manipulations two other alterations to the network

were tested to encourage convergence.

The first manipulation involved dropping the elevation values from the
input data. This was done in an effort to determine whether the numerical
differences in the data file were overestimating the importance of very minor
elevation changes on the ground. In other words, the network was reading in

values ranging from .55 to .90, a large range of values on the scale of zero to
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one, while in reality the elevation change on the site was minuscule (only 40
meters), and probably did not contribute to any change in vegetation moisture.
This change was effected on both the live and dead moisture input files but,
unfortunately, did not have the desired effect of eliminating a potentially
confusing and irrelevant piece of data and allowing the network to converge
better. In fact, it had virtually no effect on the performance of the network; as

such, the elevation values were used for the final training and prediction.

A second manipulation involved removing from the input data patterns
which the network was having difficulty recognizing. To do this, the network
was first trained for a period of time on the input data training files for both
live and dead fuel moisture. The trained networks were then asked to recall
(predict ) the input data files, and patterns which were not being predicted
well were identified since the desired output was known for all input points.
A pattern which is not well learned is identified by the inability of the network
to assign a reasonably (> .75) high probability value to any of the output
nodes. These input patterns were removed from the training data files, and the
network was retrained. Surprisingly, this again failed to produce improved

performance of the network,
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Another difficulty encountered with the network itself was its poor
performance in areas where it encountered incomplete data. Since the
vegetation data were complete only for the study area, there was a buffer
around this area which contained all other input variables (elevation, slope,
aspect, soils) except vegetation loading. This was true for both live and dead
fuel loading as well as vegetation moisture. It was anticipated that the
network would be able to make reasonable predictions of the output variable
even in areas where some input data values were missing, and this did not turn

out to be the case.

The fuel moisture prediction grids produced by the nets trained with all
51 input data points show clear demarcations of the boundary of the study
area (containing complete data) and, in the case of the dead fuel moisture
predictions, almost complete uniformity of predicted fuel moisture value
outside that area. In addition, the predicted value in this uniform area is the
highest moisture value possible, an outcome which is highly unlikely given
the configuration of the input data, which consisted mostly of examples of the

lowest moisture value possible.
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Restructuring of the input training files to provide a more even balance
of patterns leading to the various output possibilities, and training the
networks on these files, did result in more variability in the areas outside of
the study area, at least for the dead moisture predictions. The networks were
retrained twice for both live and dead fuel moisture; once with 34 (67%) of the
original 51 points, and the second time with 17 (33%) of the original 51
points. As the number of training points was reduced, an effort was made to
retain points which would provide a more even distribution of possible
outcome values. It was hoped that this process would overcome one of the
known problems involved in network convergence, namely that of having the
output values unevenly represented in the training file. In fact, these steps did
not always result in better network convergence, nor in better prediction by

the trained network (Figure 3 and Table 9).

It is noted that the backpropagation type of network used here is only
one of the types possible. In addition, the specific rules used in the learning
algorithms were held constant through the above mentioned manipulations.
Changes to these structural network specifications might produce better

results, but examination of the many other options possible in neural network
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structure was beyond the scope of this investigation; as such, the simple

structure was held constant throughout (Openshaw, 1993 and Guisse, 1993).
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CONCLUSIONS

Based on the projected fuel moisture values produced by the neural
networks used in this study, the goal of developing a method which would
utilize geographic information systems and neural networks to predict fuel
moistures over a small grassland ecosystem based on relatively few field data
samples of other environniental variables has not been fully met. The
theorized relationship between measured environmental variables and fuel
moisture values at the same points has not been clearly modeled by the use of

available GIS data and neural networks.

However inconclusive these results may be, it has been demonstrated
that this method has the potential to accomplish the stated objective of
predicting fuel moisture by incorporating the noted changes in the data

sampling methodology, as well as the sample sites themselves.

I believe this procedure would be more successful if the scale of the
study area were expanded dramatically. As an example, the entirety of the
Refuge could be used as a study area. Considerably more topographic relief

exists on the Refuge as a whole than on the small study area. The increase in
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variability of this data alone could be enough to improve the performance of
the network for this application. Additionally, if representative moisture
samples were taken from a variety of elevations, slope and aspect ranges, the
network would be provided with data which more realistically represents the
scope of environmental variables used for prediction. It would be advisable
to replace the current vegetation loading values with another parameter for the
measurement of vegetation. If this application is to be used in a uniform fuel
type, which implies similar vegetation, a measurement of cover or density
might suffice. For mixed vegetation types such as would be found over the
extent of the Refuge, perhaps some measure of species variability or

composition could be incorporated along with biomass (loading) measures.
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Table 10. May 1, 1992 Loading Measurements - Bag 1
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190

107

373
167
153
150
123
156
213

62
242
228
189
177

217
255
160
A4

152

70
140

83

Moisture
59
11.5
12.7
4.1
2.8
2.8
20,6
-1L6*
2.8
34
3730
-21.9¢
0.0
6.3
59
10
2.6
16.3
8.0
90
94
10.2
9.5
6.1
63
63
6.1
103
37
12.6
13.8
111
93
154
10.3
52.6*
4.8
28.1
6.1
69
186
65
143
9.3
7.5
-33.3*
32
39
35
17.1
8.6



Table 11, May 1, 1992 Loading Measurements - Bag 2

Live Vegetation
Wet

d
—
]
(o d

o8~ bW e

=388

32
33

35
37
38
39
41
42
43
45

47

49

51

112
74
71

208
85
42

132
60

122

170
70

150
68

68
76
72
288
144

399
20

58
54
98
170
90
102
140
100
78
200
118
68
90
70
118
112

329
190

104
132
11173
100

nae

1

182
42

Dry

61
40
39
74
41
29
53

58853458

45

41
111

133
5
38
41
52

52

55
58

Einsveys

RS8R HEEL

Moisture

836
850
82.1
181.1
107.3
44.3
149.1
50.0
183.7
735
750

200.0
838

51.1
90.0
75.6
159.5
118.2
200.0
69.8
526
317
88.5
161.5
731
729
154.5
724
814
217.5
87.3
700
45.2
346
118.5
1113
91.8
200
167.5
90.0
256.2
10
175.0
126.7
104.1
60.0
.2
108.3

1565
111.6

40,0

Dead Vegetation
Wet Dry
110 107
12 106
486 468
230 208
74 73
78 75
538 493
150 143
266 259
150 142
104 o8
34 326
131 118
64 61
134 126
120 439
180 166
148 129
358 314
£8 %)
122 119
86 79
262 232
55 48
230 213
152 135
80 77
110 100
300 281
258 223
192 175
70 492
50
s8 53
413 391
287 270
128 120
220 211
152 139
226 235
480 461
188 182
200 17t
298 278
134 129
198 185
62 62
319 291
166 154
61 53
30 34

94

Moisture
28
57
38

106
14
4.0
0.1
49
27
56
6.1

25
11.0

49
63
-72.7*
8.4
14.7

14.0
6.0

2.5
89
129
146
8.0
126
3.9
10.0
6.8
15.7
9.7
42.9*
9.4
5.6
6.3
6.7
4.3
9.4
-3,8¢
4.1
33
17.0
7.2
39
7.0
0.0
9.6
7.8
5.1
<11.8*
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