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Fire, Vegetation, and Scale: Toward Optimal Models for the
Pacific Northwest

Abstract

There is great variability in frequency. severity. and spatial scales of fire in the Pacific Northwest. Because of steep gradients in
elevation and precipitation in mountainous regions. fire regimes change rapidly with geographic distance. Course-scale fire
models must account for internal spatial heterogeneity of fire behavior and fire effects. Most reszarch on the effects of fire on
vegetation has been conducted at simall spatial scales; thus large-scale models must address the problem of aggregation. or scale
extrapolation. Theoretical work has shown (liat, even within deterministic systems. there is persisicnt error associated with model
aggregation unless mode] components are entircly homogenecus, bul ertor minimizarion is relatively straightforward. When
maodel cemponents include stochastic elements, decision rules based on expert opinion, and qualitutive clements such as vegeta-
tion classifications, errors propagate through the system in complex ways, and no single approach (0 scale extrapolation is inher-
ently superior. Treview the types and quality of empirical data available for large-scale fire modeling, and present a classificution
of strategics [or extrapalating madels (o broad scales. An exumple is given of developing a spatial model of fire frequency in the

Columbia River Basin from fire history dalabases and large-scale vegetation classifications.

Introduction

Predicting the occurrence and the effects of large-
scale disturbances, particularly fires, will be an
important challenge for scientists and resource
managers in coming decades. Significant changes
in fire severity and fire size arc predicted for many
ecosystems as a resull of land use changes and
fire exclusion {Habeck 1985, Green 1989, Turner
etul. 1989, Agee 1994, Baker 1993). In the past,
extreme events, associated with anomalous weather
patterns that increase landscape connectivity, have
accounted for most of the area burned by fires
(Pickford et al. 1980, Strauss et al. 1989, Johnson
and Wowchuk 1993, Bessie and Johnson 1995).
Extreme events arc highly synchronous in time
and space, and cause abrupt, large-scale changes
in vegetanion patterns.

Additionally, long-tenm shifts in vegetation are
anticipated for the next century due to an unprec-
edented rate of global warming, 10-30 times that
of the historical average (Schneider 1989). Al-
though large-scale vegetation change is constrained
primarily by climate (Woodward 1987, Woodward
and McKee 1991), changes in firc regimes could
significantly alter vegetation patterns (Fosberg et
al. 1992, Baker 1993, Neilson 1995, McKenzic
et al. 1996a). Simulation models used to predict
large-scale vegetation change arc driven by cli-
matological variables (Neilson 1992, Running and
Hunt 1993), but also need o incorporate the effects

of fire, because fire often imposes critical con-
straints on vegetation. To date, continental-scale
ccosystem process models have not successtully
incorporated disturbance (Fosberg et al. 1992,
Schimel et al. 1997). Data on the ecological cf-
fects of fire are not generally available at these
scales, and most empirical research has been con-
ducted at the forest stand level, although conclu-
sions are often extrapolated to larger scales
(McKenzie et al. 1996b). Similarly, most pro-
cess-based fire-etfects models have been built at
the stand level, and assurne homogeneity of cru-
cial inputs over the spatial scale to which they
are applied (Rothermel 1972; van Wagner 1977,
1993: Kercher and Axelrod 1984, Peterson and
Ryan 1986; Keane et al. 1989; Keane etal. 1994).
Spatially explicit mechanistic models that are
applied at larger scales require large amounts of
empirical data as inputs (Finney 1995, Keane et
al. 1996a), and are sensitive to the scale of reso-
lution to which the raw duta are aggregated. Fire
behavior and the subsequent effects of firec on
vegetation vary with abiotic factors such as mi-
croclimate and topography and with patterns of
vegetation structure and composition at different
spatial scales. Predictive models of vegetation
change need to account for this variability.

The problem of extrapolation, or aggregation
error, is substantial in heterogeneous environments,
in which nonlinear relationships produce biased
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cstimation of means (O’ Neill 1979, King et al.
1990). Thus simple aggregation techniques based
on a mean response are insuftficient for accurate
predictions.  Some progress has been made in
guantifying and minimizing extrapolation error
in mode! ecosystems driven by differential cqua-
tions (Cale et al, 1983, Twasa et al. 1987, Gard
1988). but error propagation rapidly becomes
problematic in complex natural systems (Cale
1995, Pzhl-Wostl 1995). For example. the sever-
ity and extent ot fire etfects may be complex fune-
tions of topography. microclimate. and fuel
loadings, and subject to error from spatial auto-
correlation at any scale of resolution. Spatial
heterogeneity is a significant source of aggrega-
tion error, and is related to disturbance spread
{Green 1989. Turner and Romme 1994), firc se-
verity (Kessell 1976, Baker 1989), and aspects
of landscape pattern (Green 1989, Turner and
Romme 1994, Mladenolf et al. 1996).

Aggregation of fine scale components for broad
scale predictions is necessary, however, not only
for compurational efficiency. but also to avoid the
cumulative error when each of the multiple com-
ponents in complex models requires the estimation
of separate parameters (O’ Neill 1973, Rastetter el
al. 1992). Each aggregation technique carries its
own sources of error and its analytical and compu-
tational difficulties (King 1991, Rastetter et al. 1992),
Inaddition, each ecological process presents unigue
difliculties, because each process “perceives” het-
erogeneity in a unique way, and because its func-
tional representation may change as one moves to
larger spatial scales (King et al. 1990).

The Pacific Northwest exemplifies the diffi-
culties of extrapolating fire effects to large spa-
tial scales. Steep gradients in elevation, precipi-
tation, and temperature exist across multiple scales.
The diversity of climatic conditions, topography
and elevations supports a variety of ecosystem
types, including coastal temperate rainforest, sub-
alpine parkland and alpine meadows, drier mixed
conifer forests, and semi-arid shrublands and grass-
lands (Daubenmire 1978, Lassoie et al. 1985). It
also produces a variety of lire regimes (Agee 1993),
including large. stand-replacing fires (Agee and
Smith 1984, Hufl' 1984, Henderson et al. 1989),
mixed severity, medium frequency fires (Morrison
and Swanson 1990. Taylor and Halpern 1991), and
non-lethal {to trees), high frequency fires (Bork 1985,
Kertis 1986). Ttis difficult to associate fire regimes
closely with particular forested vegetation types,
because historical reconstructions have demonstrated
significant within-type variability, However, broad-
scale differences in fire frequency are evidently
associated with different geographic areas and dis-
tinct environmental conditions (Table 1),

Is it possible 10 develop a conceptual frame-
work for large-scale fire modeling applicable to
the diverse ecosystems of the Pacific Northwest?
Fire researchers have agreed that the “ideal” fire
effects model would have the following artributes
(Schimoldt ct al. 1998):

* Beprocess-based, rather than statistically-based
* Be sparially explicir
* Be applicable over broad and fine scales

TABLE 1. Mean fire return intervai (FRI} at sclected geographic areas in the Pacific Northwest.

Location (deminant vegetation)

Mean FRI (vears)

Source(s)

Fastern Cascade Range, Orcgon 21
(Ponderosa pine)

Wenatchee Mts., Washinglon 28
(Douglas-fir/grand fir)

Blue Mis.. Oregon und Washington 50
(multiple}

Binerroot Mis.. Tdaho & Montana 92
{Subalpine fir/Douglas-fir)

East-north Cascade Range, Washington 146
(Pacific silver [I/Douglus-fir)

Mt. Rainier. Washinglon 407
(Pacific silver fin)

Multiple sources ¢ited in Heyerdahl et al. (1995)

Wischnolske & Anderson (1983). Wright {1996)

Bork (1984). Maruoka (1994)

Arno (1976, 1981)

Agee etal. (1990)

Hemstrom and Franklin (1982)
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* Be as modular as possible, while integrating
fire behavior, fire effects. and succession
* Incorporate changing climate
Tn most cases, practical and theoretical con-
siderations preclude the attainment of this ideal.
For example, if a mechanistic model has been buikt
locally with high-quality measurements of veg-
etation and climate, tack of empirical data for other
geographic areas may preclude application of the
model to other arcas. As a result, “missing val-
ues” would confound aggregation methods.

In this paper, I examine the characteristics of
three types of empirical data as they pertain to
the aggregation problem. Trefine a classification
of extrapolation strategies for fire-effects model-
ing presented in McKenzie et al. (1996b), and
suggest conditions under which each might be
an effective strategy for minimizing errors. Choices
are driven by the type and quality of available
empirical data, and by modeling objectives. |
provide an example of one strategy from ongo-
ing research to develop a spatial model of fire
trequency for the Interior Columbia River Basin.

Empirical Data for Fire-effects Models

Most firc-effects databases cover short time pe-
rieds and small spatial scales. and have not been
effectively integrated at a regional level (Schmoldt
et al. 1998). although large-scale assessments have
begun (Quigley et al. 1996, Sierra Nevada Eco-
system Project 1996). Often different tvpes of
data within a database are collected at different
spatial and temporal scales. Forexample, weather
data often are collected hourly, whereas succes-
sional data are collected at intervals of tive years,
or mere. Thus, the extent and resolution of em-
pirical data are important considerations. Addi-
tionally, the spatiai pattern of sampled data may
not reflect the spatial pattern of variability in the
landscape being modeled. For example, when
viewed at large spatial scales, data points will often
be clustered, due to the local nature of most data
collection (e.g., Figure 1). In such cases it is easy
to underestimate the intrinsic variability of the
data, and difficult to discern its autocorrelation
structure (Rossi et al, 1992).

Empirical data that form the basis for fire/veg-
ctation models are of three types: 1) climate data;
2) firc history reconstructions; and 3) vegetation,
fuels, and topography data. Each entails key ques-

tions regarding extent, resolution, and spatial pat-
tern, and presents key problems affecting the quality
of data and its usefulness for modeling (Table 2).

Climats Data

Some fire-eftects models rely on climate or weather
datz as basic drivers, either directly or indirectly.
Tor exumple, fire spread models use hourly weather
information (Finney 1993). In contrast, some
successional models that incorporate fire use
monthly means of temperature and precipitation
to predict resulting species-specific growth re-
sponses. Tree growth is then used to predict stand
structures and available fuels (Keane et al. 1989).
Estimating climatic parameters at appropriate
scales in the complex terrain of the Pacitic North-
west is difficult. and current general circulation
models have too broad a resolution to be appli-
cable, although mesoscale models may help to
bridge the gap (Hsie 1987, Pielke et al, 1992).
Available methods for interpolation from weather
stations are constrained to particular temporal
scales (Hungerford et ul. 1989, Daly et al. 1994),
Statistical weather generators rely on time series
from weather stations, and are subject to the same
constraints as raw data (Schinoldt et al. 1998).

Projections of future climate need to be incor-
porated into predictions of future disturbance re-
gimes. because future ignition patlerns are ex-
pected to change with altered climates (Price and
Rind 1994, Qu and Omi 1994). Intcrpolated pre-
dictions of current climatic parameters must pro-
vide baseline data for future projections for spe-
cific lecalities. Total error for future projections
will be a function of error associated with cx-
trapolation down in scale from regional climate
models, and error associated with current inter-
polations.

Fire History Reconstructions

Fire frequency is a basic parameter in simulation
models of [ire eftects on vegetation. It may be
fixed at the beginning of model runs (Kercher and
Axelrod 1984, Keane et al. 1989), or sampled at
random from a probability distribution (Baker
1995, Boychuk et al. 1997). Fire frequency mod-
cling generally involves assessing the goodness
of fit of a sequence of fire return intervals from
fire history reconstructions to the negative expo-
nential, two-parameter Weibull, or other right-
skewed distributions (Johnson and Gutsell 1994).
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Figure 1. Locations of fire history sites (from Heyerdabi ¢t al. 1995) in the Interior Columbia River Basin.

Reconstructions provide focal information; models
that use them as baseline data assume homoge-
neity of fire frequency over the geographic range
that they are applied.

Fire history data are expensive and time-con-
suming Lo collect. There are several methods for
establishing mean or median fire return intervals,
and each has a different cxpected value for the
same raw data (Agee 1993, Johnson and Gutsell
1994), The method of choice usually is deter-
mined by specific local objectives. Thus, there is
alack of consistency of methods and quality among
fire history studies. In the Pacific Northwest, data
points are clustered, and the extent and resolu-
tion of studies vary significantly (Heyerdahl et
al. 1993).

The dominant vegetation in forest ecosystems
is often very sensitive to changes in the mean,
variance, and distribution of fire return intervals.
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In particular, ditferent successional pathways ensue
in response to different sequences of time-since-
fire (Cattelino et al. 1979, Frelich and Reich 1995,
Clark 1996). Fire-effects models that are applied
at broad scales will need to address this sensitiv-
ity by validating the choices of fire return inter-
vals used in simulations.

Vegetation, Fuels, and Topography

There are a number of GI1S-based vegetation clas-
sifications for the Pacific Northwest (Pacific
Meridian Resources 1991, 1996, Morrison 1994,
Quigley et al. 1996). Becausc of different objec-
tives and methods (Adams et al. 19935, Moffett
and Besag 1996), classifications even of the same
area may be drastically different (Norheim 1996).
Most fuel inventories are stand-based (Schmoldt
et al. 1998), although large-scale databases are
being developed (Loveland et al. 1991, Hardy et




TABLE 2. Characteristics of empirical data (resolution, extent, and spatial pattern) affecting the success of large-scale fire mod-
eling. and key problems presented by each type of data.

Characteristic

Climate data

Fire history

Vegetation/fuels &
topography

Resolution

Extent

Spatial pattern

Key problems

Resolution of raw data (e.g.
weather stalions) vs. resolu-
tion ol simulated input data
for models (¢.g. interpolated
grids).

Raw climate data does not
span the range of variability
of madeled climate.

Placement of weather stations
in complex terrain vs. reguliar-
ity of gridded simulated data.

Interpolation or extrapolation
in complex errain.

Time-step differences in raw
data or statistical weather gen-

Sampling intensity may notbe
enough Lo capture small-scale
variation,

Fire history sites do not span
the range of environmental
variability of modeled sites.

Heterogeneity of burn pat-
terns vs. sampling patern.
Fire scars not crossdated.
Data points clustered, so dif-

ficult to interpolate,
Costly and time-consuming,

Spatial resolution of remotely
sensed data.

Types are not all mapped with
equal taxonomic resolulion.

Raw data do not span the
range of variability of mod-
cled dana.

Patchy discontinucus fuels,
and heterogencous age-struc-
tures of vegatation.

Classification crrors in re-
motely sensed dala.

Heterogeneity at scales criti-
cal for fire modeling 15 not

crators vs. models.

caplured,

Difficult to assess stand his-

tories. Data are often qualitative vs.
quantitative, and site ¢ifeets
(biophysical factors) often not
incorperated.

al. 1997}, Classifications also exist for forest struc-
tural stage classes (Quigley et al. 1996} and fire
regimes (Morgan et al. 1996). Digital elevation
models are available at a variety of resolutions.
The inieractions of vegetation composition and
structure with fuels and topography are critical
for predicting fire effects.

Most of these large-scale classifications are
qualitative, and therefore of limited use for quan-
titative models. Given the inconsistency of re-
sults and varying methodologies, attempts to de-
rive quantitative data for process-based modeling
from these coverages would be subject to signifi-
cant biases. In some cases it may be preferable
to make use of qualitative information as is, rather
than transtforming it to quantitative layers of ques-
tionable accuracy (see below).

Conceptual Approaches to Scaling Up
Predictive Models

Interactions between climate and vegetation, and
between disturbance and vegetation, are bi-direc-

ticnal. Vegetation composition affects atmospheric
moisture and microclimate, and although fire ini-
tiation is a stochastic function of climate, fuels.
and human impacts, vegetation influences fucl
loading and fire severity. I have previously clas-
sified models for predicting the effects of fire on
vegetation into three categories: (1) stand-level
mechanistic fire behavior models and first-order
fire effects models, {2) stand-level successional
models incorporating fire stochastically, and (3)
landscape scale models of disturbance (McKenzie
et al. 1996b). Output from types {1} and (2) is
frequently aggregated to larger scales, whereas
in type (3) input data are often aggregated to the
scale at which the model is applied. A fourth
type of model may be useful at the ecoregional,
or biome scale, for predicting aspects of fire re-
gime or long-term effects of fire on vegetation. 1
will call these models semi-qualitative; they are
often based partially, out of necessity, on expert
opinion or subjective classifications instead of
quantitative empirical research. Examples of these
are fire regime classifications (Morgan et al, 1996),
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TABLE 3. Advantages and disadvantages of methods for extrapotating fire effects to large spatial scales.

Method

Description

Advantages

Disadvantages

Extrapolating fire behavior
models directly.

Integrating models

landscape disturbance
models

Extrapolating {ire behavior
models direetly w biome scale

before caleulating fire effects.

Extrapolating up from fire/
succession models.

Additive, statistical, or pro-
cess-based approach (see
rext).

Aggregation of model inputs
tlandscape succession and
disturbance models, including

Closed form mathematical
expression availuble. ame-
nable te existing methedolo-
qies.

Straightforward translation
into raster images.

Combines fire behavior with
ecological provesses (succes-
sion).

Can accommodate variability
among individual organisms
(individual-based model).

Models operate explicitly at
scale of interest, because in-
puts rather than outputs are

No transient compenent, and
major temporal scale incom-
patibililics.

Developed at fine spatial
scales incompatible with cur-
rent ecosystem models.

No closed lorm mathematical
cxpression possible,

Spatial scale is restricted 1o
sub-stand, and extrapolations
require heavy computation,
stalistical modeling, or dala-
inicnsive calibration.

Aggregated inputs assume ho-
mogeneous responses at that
scale.

cellular automaton models).

Semi-qualilative models Qualitarive rules and expert
judgement built into model

structure

aggregated.
Predictions are very sensitive
to scale of resolution.

Most difficult to calibrate.
validate. test. Subjective
choices involved that may not
be repeatable.

Accepts wider range of inputs.

Valuable when empirical data
arc not adequate for more
guantitative methods.

successional pathway models based on decision
rules (Fischer and Clayton 1983, Fischer and
Bradley 1987, Bradley et al. 1992). large-scale
successional models driven by such decision rules
i Keane et al. 1996b, Keane and Long 1998). and
rule-based models of transitions in vegetation types
in response Lo changes in fire regimes {(McKenzie
et al. 1996a).

No single approach to coarse-scale modeling
of fire effects is inherently superior: modeling
objectives, computer resources, and the charac-
teristics of specific systems determine the best
strategy for each situation (McKenzie et al. {996b).
Each of the strategies outlined below has its ad-
vantages and disadvantages (Table 3), and each
must address the loss of fine-scale heterogeneity
and resulting increases in landscape connectivity
and altered rates of fire spread (Agee 1998). Be-
cause [fire is a “contagion” process, simulated fire
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spread and intensity at one site, or pixel, depend
on characteristics of surrounding pixels. But as
spatial resolution increases, adjacent pixels be-
come more similar, thus artificially inflating the
connectivity of landscapes. Similarity of adjacent
pixels is scale-dependent, and this is a source of
ageregation error for any modeling strategy that
uses algorithms developed at smaller scales than
those at which they ure being applied.

Fire Behavior and First-order Fire Effects

Mechanistic models of fire behavior calculate, for
a single fire, flame length, fireline intensity and
scorch height from measures of fuel loading, fuel
moisture levels, and wind speed (Rothermel 1972,
1991: Burgan and Rothermel 1984, Andrews 1986).
In combination with fire effects models {Peterson
and Ryan 1986, Ryan and Reinhardt 1988, Keane
etal. 1994), they predict stand structure and com-




position resulting from fire given specific initial
conditions (e.g., leal arca index, species compo-
sition by percent hasal area, crown heighis), but
do not project ecological effects into the future,
In order Lo drive a transient or dynamic predic-
tive model. they need to be linked to projections
of stand development.

Fire behavior models can be applied directly
at any spatial scale, and a first-order fire effects
maodel can be applied uniformly across each unit
of vegetation being modeled (Kessell 1976, Neilson
1995). Input variables to the fire behavior model
are constrained to be homogeneous at the model’s
scale of resolution. This scale can be the entire
landscape, in which case initial conditions for fire
effects and firc behavior are homogeneous across
the landscape, or it can be a subunit(s) of the land-
scape for which data are available. In the latter
casc. outputs can be additive. or a more sophisti-
cated analytical method may be used to produce
landscape scale results (McKenzie et al. 1996b),
Raster images from fire behavior models (Finney
1995) could be coupled with image analysis { Besag
1989) to model the distribution and range of first-
order fire cffects. This methed is appropriate for
equilibrium predictions, but not for modeling
dynamic processes such as continuous vegetation
change under altered fire regimes. It can be very
useful. however, for demonstrating the need to
incorporate disturbance into continental-scale
models of vegetation distribution (Neilson 1993),

Fire and Succession

Fire succession models simulate structural and
compositional changes in vegetation over time
on a fixed-size plot, incorporating fire initiation
as a stochastic element (Kercher and Axelrod 1984,
Keane et al. 1989). Most are based on the
JABOWA-FORET class of “gap” models (Shugart
and Prentice 1992, Botkin 1993). which project
individual tree growth deterministically as a func-
tion of a species-specific maximum growth rate
modified by reduced light levels from shading and
by departures from species-specific optima for
environmental variables. More detailed bio-
scochemical moedeling, however, may replace the
individual tree-based growth algorithms in future
successional models (Running and Hunt 1993,
Keane etal. 1996a}. Incontrast to empirical growth
models, the structure of successional models al-
lows for incorporation of the effects of climatic

change on successton (Urban et al. 1993), The
fire subroutines employ a mechanistic fire behavior
model that operates by reducing stand basal area
and fuel loadings, thus altering relative species
dominance and susceptibility of the stand to dam-
age from the next fire. Model outputs suggest
that changes in fire frequency will strongly af-
fect successional pathways (Keane et al. 1989),
These models are limited in spatial scale by: (1)
the assumption of homogeneity of the input vari-
ables to the fire behavior module, (2) the restric-
tion of the explicit modeling of the light environ-
ment to the size of a tforest canopy gap, and (3)
variation in microclimate across a landscape.

Output frem the successional model then needs
to be ageregated to the spatial scale for which
predictions arc needed. This process is not ame-
nable to the analytic methods that apply to math-
ematical models with closed functional forms (King
1991, Rastetter et al. 1992, Cale 1995). The re-
maining options are: {1) an additive approach in
which many plots covering the entire landscape
or a “representative’” sample are simulated indi-
vidually and the results averaged, (2) a statistical
approach in which model outputs are aggregated
based cn the statistical distributions of key biotic
features of the landscape, such as stand age. spe-
cles composition, and leaf area index, and (3) a
mechanistic approach in which growth, regenera-
tion, and natural mortality depend on biogeochemi-
cal processes that can be simulated at broad scales
{e.g., Running and Hunt 1993), and disturbancc
initiation and spread are simulated in a separate
model (Hargrove 1994, Finney 1995, Gardner el
al. 1996).

The statistical approach avoids the computa-
tional burdens of the additive approach, but en-
tails theoretical difficulties in modeling discrete
distributions of biotic features and the transitions
between “‘states” occupied by different propor-
tions of stands in the landscape {Acevedo et al.
1995). A mechanistic approach avoids the theo-
retical statistical difficulties, bul presents formi-
dable problems of calibration, needing massive
amounts of data when applied at broad scales
{Keane ct al. 1996a). Thus the mechanistic ap-
proach is preferable for large-scale application
when data are available for initialization, but the
magnitude of error will be difficult to determine
when data are not available. In contrast, a statis-
tical approach assumes some aggregation error,
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but error magnitude is controlled if distributions
of biotic features on the landscape have been cor-
rectly parameterized (Acevedo et al. 1995),

Landscape Disturbance Models

Continuing advances in cornputer technotogy have
made the computational burdens of spatially ex-
plicit models less formidable, thus much recent
work has incorporated interactions between fire
effects on vegetation and landscape pattern (Green
1989, Antonovski et al. 1992, Turner and Romme
1994, Baker 1993, Ratz 1995, Fall and Fall 1996,
Gardner et al. 1996, Mladenoff et al. 1996). Al-
though fire behavior models can predict fire spread
across a heterogeneous landscape (Finney 1995),
calculations assume homogeneity of input param-
eters such as windspeed, slope, and fuel loadings,
at the scale of resolution at which they are ap-
plied. Spatial patterns of these parameters will
not exactly coincide, thus fire behavior models
cannot explicitly account for the influence of spatial
heterogeneity, or landscape pattern, on the propa-
gation of disturbance.

More abstract approaches that sacrifice the
mechanistic elements of fire behavior medels are
useful for simulating the effect of landscape pat-
tern on the spread of disturbance (Hogweg 1988,
Green 1989, Tumer et al. 1989, Turner and Romme
1994). In abstract models, disturbance 1s inittated
at individual pixels stochastically, and its likeli-
hood is a function of time since last disturbance
or site “vulnerability.”” Spatial extent is usually a
function of initial intensity and the vulnerability
of adjacent pixels, and final burning patterns are
emphasized rather than mechanistic behavior or
explicit spread rates (Green 1989, Turner and
Romme 1994). Connectivity of landscapes and
other constraints on the spread of disturbance can
change drastically as a function of land use changes
and altered disturbance regimes (Baker 1995), and
model landscapes can be used to explore a wide
range of possibilities,

In models using real landscapes, input data are
often aggregated into broad categories (individual
trees are combined into age classes. or species
composition data are combined into dominant cover
types), and disturbance initiation and spread no
longer have the mechanistic elements of fire be-
havior models (e.g.. Marsden 1983, Mladenotf
etal. 1996). No ageregation of outputs is needed
because the model operates explicitly at the scale
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of interest. Aggregated inputs can be precisely
tuned to the ecological system of interest to mini-
mize loss of information. For example, in a for-
est type with two conifer species that respond simi-
tarly to fire, and a number of deciduous species
that are either susceptible or resistant to fire, three
cover types may sulfice: conifer, deciduous/sus-
ceptible, and deciduous/resistant. Likewise, in a
forest that is a mosaic of even-aged stands initi-
ated by fire (such as much of the Northern boreal
forest), a few distinet age-classes might convey
most of the useful information about stand age
and resulting vulnerability to disturbance.

A significant source of error for these models
is the assumption that vegetation will respond
homogeneously to disturbance at the spatial scale
of the aggregated inputs. The flaw in this assump-
tion is exemplified by large forest fires, which
create a mosaic of burned and unburned (or lightly
burned) areas (Romme and Despain 1989) under
conditions that would probably be modeled as
homogeneous vegetation, fuels, and fire weather.
The error magnitude should be positively corre-
lated with the scale of resolution, or “grain,” of
the model. Because measurements of spatial het-
erogeneity in a landscape also depend on the grain
size (Baker 1989), the output of a landscape dis-
turbance simulator when modeling real landscapes
will be very sensitive to the choice of pixel size.
For each ecological system and process being
maodeled, there may be a threshold grain size, below
which it would be advantageous to consider ag-
gregated data to be homogeneous, and above which
these data might be better defined by statistical
distributions of different aggregated types. For
example, in subalpine forests of the Pacific North-
west, characterized by large-scale, stand replac-
ing fires (Agee 1993), this grain size might be
quite large, because large areas {pixels) will re-
spond relatively homogeneously to fire (by be-
ing completely burned). In contrast, in the low
to mid-elevation forests of the Oregon (USA)
Cuascade Range, characterized by variable inten-
sity fires burning unevenly (Morrison and Swanson
1990), cven relatively small areas, or pixels, might
be better characterized by a statistical distribu-
tion of cover types or stand ages.

This strategy is useful when spatially explicit
outputs are desired {e.g.. spatial patterns of age
classes, or cover types), and therefore when the
interaction of landscape patterns with fire is be-




ing specitically addressed {Agee 1998). What is
lost by eschewing the mechanistic approach may
be oftsetif spatial autocorrelation can be intergrated
more directly into firc-effects models. The scale-
dependence of inter-pixel similarity will confound
attempts to implement mechanistic models at
coarse scales, unless contagion properties within
large pixels (that are aggregates of heterogeneous
smaller units) can be represented statistically.

Future attempts to incorporate spatial
autocorrelation might: (1) model fire spread as a
stochastic process (Guttorp 1995), generalizing
existing fire behavior models to include spatial
dependency based on empirical distributions of
key parameiers such as fuels and weather, (2) build
specific algorithms for dealing with contagion into
large-scale mechanistic, or “process’™ modeling
of fire effects and succession (Keane and Long
1698}, or (3) include contagion implicitly by
modeling fire severity (which is a function of abrupt
changes in landscape connectivity} directly
(Lenihan ¢t al. 1998). Rule-based models on
abstract landscapes (Turner et al. 1989) may pro-
vide fertile territory for a detailed exploration of
contagion properties, and may suggest what types
of empirical data will be most useful to test the
effectiveness of real-world models in incorporat-
ing sputial dependency. They can also test ex-
haustively the relationship between spatial scale
and contagion in both neutral models (Gardner
and O’ Neill 1991} and models based on patterns
of spatial heterogeneity found in real landscapes.

Semi-qualitative Models

There are no algorithms for minimizing error propa-
gation in complex natural systems {Cale 1993),
Errors propagate through systems quantitatively,
but scale extrapolations also often require quali-
tative changes in perceptual categories (Simard
1991). Perceptual categorics cun be critical to
model building, especially in the establishment
of decision criteria for rule-based models (Neilson
1992). In many cases, slatistical aggregates pro-
vide more information than detailed measurements
at smaller scales (Levin 1992), and ecological
patterns can be linked te ecosystem processes such
as succession only at discrete scales (Bradshaw
199%). Thus, at some spatial scales quantitative
aggregation rules may lead to an erroneous char-
acterization of model input or output. In these
situations combinations of quantitative and quali-

tative information may be required to optimize
models.

Problems of Temporal Scale

Anticipated climatic changes limit the applica-
bility of empirically-based models to future con-
ditions (Dixon et al. 1990), but empirical data are
essential for the calibration and testing of predic-
tive models and for assessing the precision of al-
ternate methods of scale extrapolation. Model-
ing cfforts in which parameters are estimated from
empirical data may involve trade-offs among de-
grees of precision at different temporal scales.
When predicting large-scale vegetation patterns,
there will be a trade-off between the cumulative
error from frequent re-estimation and the larger
increments of estimation error that should be ex-
pected when climatic conditions change continu-
ously.

For example, extrapolating a fire behavior model
and 1ts resultant first-order fire effects to large
scales directly requires empirical data to estimate
the density functions for input parameters that are
heterogeneous at the landscape scale. Suppose
these empirical data are output from a stand de-
velopment model, and the density functions com-
bine these data with regression coefficients esti-
mated under a particular climatic scenario.
Variability tn large-scale vegetation patterns will
be sensitive to the time step for linkages between
fire behavior and stand development, This time
step (or distribution of time steps) will be tightly
linked to the expected temporal pattern of igni-
tions. A longer time step, corresponding to a lower
fire frequency, would reduce the number of link-
ages between fire behavior and succession, and
thus the number of times that the input param-
eters for the fire behavior model had to be esti-
mated. This would increase the potential error
when a linkage was made, assuming that the re-
gression coefficients change monotonically with
climatic change. As a result, qualitatively differ-
ent error correction procedures could be neces-
sary for different fire regimes. Exhaustive test-
ing of the model might reveal patterns in predictive
errors that would suggest how Lo incorporate cor-
rection procedures into the model.

Extrapolating successional models that incor-
perate {ire subroutines involves either an addi-
tive approach, which presents a huge computa-
tional burden in long-term simulations without
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major simplifications, or a statistical approach to
the distribution of key biotic featurcs. Assuming
that techniques are developed for the latter, these
distributions will change over successional time.
A balance must be reached berween the error as-
soclated with frequent re-estimation of the sta-
tistical properties of a landscape (small time steps)
and the error resulting from the persistence of
uncorrected properties (large time steps). For
example, supposc thai a “‘scaled-up” successional
model uses 30 of the 300 simulated plots in a
landscape to define the statistical propertics of
the landscape at each time step. 1f these proper-
ties were re-estimated every 5 time steps, the cu-
mulative error (in representing biotic features as
accurately as if all 300 plots had been projected
individually) might actually be greater than the
error from “letting the model go™ for 25 time steps.
The estimated landscape could diverge more and
more from the “true” landscape, particularly when
the estimation process entails nonlinear functions
{OrNeill 1973, Rastetter et al, 1992),

A mechanistic approach (e.g.. Keane et al.
1996a) circumvents some of the above difficul-
ties but creates problems of its own. Aggrega-
tion of biogeochemical processes, such as nutri-
ent uptake and carbon allocation, originally
modeled at the stand level may mask nonlinear
relationships between these processes. 1t is also
difficult to reconcile: (1) the spatial scales at which
cach process is homogeneous, and (2) the time
step appropriate to ecophysiological processes with
the time step appropriate for successional mod-
els (Ehleringer and Field 1993). Thus, it will be
difficult to specity an idcal timestep for a par-
ticular spatial scale, because for each spatial scale,
the processes being modeled will have disparate
oplimal timesteps.

In simulation models, the choice of time step
depends on the critical temperal units of the pro-
cesses of interest. Unfortunately, there can be
major incompatibilities of time scale between
interacting components of models. Fire behav-
ior and fire spread models and ecophysiological
process models operate on scales from hours to
days (Running and Hunt 1993; Finney 1995},
whereas successional models and landscape scale
disturbance models commonly usc an annual time
step {Urban 1990; Mladenoff et ul. 1993). Error
propagation in aggregating temporally scaled pro-
cesses may confound an otherwise efficient tech-
nique for spatial scale extrapolation. Forexample,
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the intractability of long-term weather predictions
will compromisc the direct integration of current
fire behavior models into simulations of fire ef-
fects over long time periods.

Example: A Semi-qualitative Model of
Broad-scale Fire Frequency

Fire frequency models for forest ecosystems de-
pend on reconstructions of firg history (Johnson
and Gutsell 1994), but fire history data are inten-
sive rather than extensive. When viewed at broad
spatial scales, data points are clustered, thereby
exacerbating the difficulties of modeling. The
spatial autocorrelation structure will be particu-
larly hard to discern with clustered data {Isaaks
and Srivastava 1989).

The Columbia River Basin scientific assess-
ment includes a qualitative classification of fire
regimes. both for frequency and scverity (Mor-
gan et al. 1996). GIS coverages for both these
classifications exist. However, a quantitative cov-
erage would be more useful for models of veg-
etation change that incorporate disturbance. The
fire history database compiled by Heyerdahl et
al. (1995) contains 211 data points inside the In-
terior Columbia River Basin (ICRB - Figure 1).
The database includes mean fire return interval
{FRI), clevation, and geographic coordinates. In
addition, I have extracted the mean annual pre-
cipitation for each site [rom PRISM coverages
(Daly ct al. 1994), and associated each site with
vegetation types from other GIS coverages, in-
cluding four coverages from the Columbia River
Basin assessment (Table 4). Thus each site in
the fire history database has quantitative environ-
mental data and qualitative vegetation data asso-
ciated with it.

I have explored two quantitative methods for
extrapolating frotn known data points to a fire
frequency coverage for forested areas of the [CRB
(McKenzie et al. 1997):

1. Multiple regression of fire return interval on mean
annual precipitation and elevation. A good fit
would suggest that the regression equation could
be applied to any site whose biotic and abiolic
characteristics were in the range of the sample
data. This model had mixed results (p < (.001,
but R*=0.17). and graphical analysis suggested
that fire return intervals were underpredicted in
the northeast of the ICRB and in Yellowstone
National Park (Figure 2).




TABLE 4. Vegctalion types fram three classifications represented by sites 1n the fire history database for the Columbia River

Rasin.

Historical and current potental vegeta-

tion types (Keanc ¢l al. 1996h) el al. 1996b)

Historical and current cover types (Keane

Aggregated Kidchler types (MceKenzie et
al. 19964)

Alpine Shrub-Herbaccous Alpine Tundra
Aspen Aspen
Barren Barren

Big Sage-Warm

Cedar/Hemlock East Cascades
Cedar/Hemlock Inland

Dry Douglas-lir with Ponderosa pine

Big Sagebrush

Dry Douglas-fir without Ponderosa pine

Dry GrandFir/WhiteFir

Fescue Grassland with Coniler

Grand Fir/White Fir East Cascades

Grand Fir/White Fir Inland

Interior Ponderosa Pine

Moist Douglas-hr

Mountain Big Sage-Mesic-East
with Conifer

Pacific Silver Fir

Spruce-FirtLPP>WEBP)!

Spruce-Fir(WBFP=>1.PP)

Spruce-Fir Dry with Aspen

Spruce-Fir Dry without Aspen

Spruce-Fir Wet

Lodgepole Pine

Weslern Larch

Engelmann Spruce/Subalpine Fir
Fescue-Bunchgrass

Grand Fir/White Fir

Interior Douglas-tir

Interior Ponderosa Pine

Western Fir-spruce
Ponderosa Pine
Douglas-fir

Great Basin Shrubland
Mixed-grass Prairie
Shortgrass Prairie

Mixed Conifer Woodlands
Shrub or Herb/Tree Regeneration

Western Redcedar/Western Hemiock
Western White Pine

(1) LPP = Lodgepole pine. WBP = Whilebark pinc

2. Spatial interpolation within clusters of points,
using ordinary Kriging (Tsaaks and Srivastava
1989). Although this method could not be used
outside clusters, local response surfaces within
clusters could be converted to GIS coverages.
Variograms {not shown) showed that the co-
variance structure within data clusters could
not be parameterized in ways suitable for spa-
tial interpolation. due to the spatial clustering
at all scales, and the high variability between
neighboring points.

Given that no satisfactory quantitative method
could be developed to predict fire frequency at
new locations as a function of site variables. Tam
developing a semi-qualitative method, based on
the idea that a multidimensional view of the in-
fluences on fire frequency, incorporating all avail-
able empirical data, should reduce the amount of
unexplained variation exhibited by the simple
regression model. Both qualitative and quantita-
tive information will be synthesized to establish
an overall measure of similarity among sites, un-
der the assumption that because vegetation, cli-
mate, and disturbance are related, similar sites

will have similar disturbance regimes. Thus a
reasonable estimator of the fire frequency at one
site is a weighted average of that at other sites,
where the weights are intersite similarities.

Consider the vegetation classifications from Table
4. Similarity rankings of the types in each classifi-
cation can be established, and represented numeri-
cally (J.K. Agee, pers. comm.). The similarity
rankings can be based on expert opinion, as suc-
cessional pathway models have been in previous
applications (Bradley et al. 1992, Keane et al. 1996b).
Thus each site in the fire history database will have
a rank associated with it for each vegetation type,
in addition to climatic fuctors (elevation and pre-
cipitation) and geographic coordinates,

These variables will constitute the columns of
a data matrix whose dimensions can reduced by
principal components analysis (Rencher 1996).
Intersite distances in principal components space
will provide a measure of similarity between sites
for which the fire frequency is known, If a row
vector of information {vegetation type rankings
plus environmental variables) from & new site (any
pixel in the ICRB) is added to the data matrix, a
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Figure 2. Estimated fire return intervals (FRIs) from the regression model for forested arcas of the Tnterior Columbia River Basin,
FRIs were only predicted for sites under 3000 m elevation and with less than 2700 mm annuoal precipitation.

new analysis will place that new site “nearby™
similar sites in principal components space, and
its fire frequency can be estimated as a weighted
average of known sites.

Indirect methods to provide input data may
be required as broad-scale fire-effects models are
developed and refined. Fire frequency is only
one of many inputs to models, but exemplifies
the inadequacy of current databases {or use in
process-based or even rigorous statistical mod-
cls. Methods such as the ubove can provide use-
ful approximations when empirical data for ini-
tializing simulations at particular locates are
lacking. Inturn, a flexible semi-qualitative method
can be refined as new empirical data are collected.
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Conclusions

No strategy for large-scale fire modeling is supe-
rior for all situations, Process-based models may
be preferable when the extent and quality of em-
pirical data are adequate. Although much progress
has been made in building databases, future mod-
eling efforts will depend on filling gaps in theory,
methodelogy, and empirical data (Schmoldt et al.
1998}. In particular, fire history data are lacking
for much of the Pacific Northwest, and methods
and quality are inconsistent among completed
studies. Changes in conceptual framework may
be necessary as modeling moves to larger scales
(Simard 1991). For example, more direct mod-
eling of fire severity as a central element in large-




scale vegelation composition may be required for
proactive management (Strauss et al. 1989, Lenihan
et al. 1998, Schmoldt et al. 1998). Also, since
fire is a dominant factor in vegetation succession
in much of the Northwest, fire may need to play
a more central role in future successional mod-
els. Successional pathways are sensitive to small
differences in fire regimes (e.g., variability, tim-
ing of severe events), life history strategies that
respond to these differences (Clark 1996), and
the spatial scale at which vegetation is modeled
(Frelich and Reich 1995). Better linkages arc
needed between disturbance spread models and
forest growth and succession models (but see
Bevins and Andrews 1994, Keane et al. 1996a
for initiat efforts).

Spatial autocorrelation also needs to be inte-
grated into fire-effects models. When contagion
properties are added to coarse-scale models, burn
patterns and subsequent age structures on the land-
scape are more realistic (Keane and Long 1998).
A modeling approach that combines mechanis-
tic algorithms that were developed at small scales
with stochastic methods that operate on statisti-
cal aggregates of mechanistic results may prove
fruitful. For example, statistical propertics of
multiple outputs of fire spread models (Finney
1995} or cellular automata (Hogweg 1988) may
be used to parameterize coarse-scile stochastic
models (R.E. Keane pers coman). Similarly, a meta-
maodel at the landscape scale could be built from
the statistical properties of repeated simulations
of 1) a stochaslic model of fire ignitions, 2} a spa-
tially explicit model of fire spread, and 3) a coarse-
scale model of fire effects and succession
{(McKenzic et al. 1996b).
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