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Executive Summary 
 
To assist Winrock International in establishing a rigorous approach for emissions reduction 
credits (ERCs), Spatial Informatics Group, in conjunction with the University of California, is 
developing a methodology that that uses scientifically based models for predicting changes in 
fire behavior and related emissions, both with and without hazardous fuels reduction treatments.  
To make these predictions, our report focuses on the development and testing of four elements in 
this framework: fire probability mapping, delineation of firesheds, choice of a fuel classification 
standard, and a baseline fire hazard assessment (without fuels treatments).  This work was 
largely performed as a pilot study using data from Shasta County, California, USA.  Long-term 
fire probability maps were developed for Shasta County using Maxent, a recently developed 
probabilistic distribution modeling tool.  These maps can be used to calibrate ERC analysis, and 
they also serve as inputs into other elements of the framework.  A total of 45 firesheds were 
delineated for Shasta County using an analysis of spatial distribution of fuels, weather, 
topography, potential fire behavior, and fire risk in a multivariate clustering model. Various fuel 
classification systems were considered for use in the ERC framework, with the fire behavior and 
FCCS formats standing out as the most appropriate.  Emissions estimates were made for Shasta 
County using mapped FCCS fuel models and for four areas in the Sierra Nevada using fire 
behavior fuel models, demonstrating the feasibility of using these models in an integrated 
manner for the framework.  A baseline fire hazard analysis was also performed, after generating 
mapped fire behavior characteristics for the current landscape in Shasta County under a 
historically severe fire weather scenario.   
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1.  Introduction 
 
The western U.S. has millions of acres of forestlands in overstocked condition and at risk of 
catastrophic wildfire.  Reduction of unnaturally high fuel loads is a primary component of the 
National Fire Plan, the Healthy Forests Restoration Act, and other planning efforts such as the 
Sierra Nevada Forest Plan Amendment.  Central to the economics of fuels reduction is the ability 
to remove and use forest biomass for higher value purposes.  One strategy for changing the 
economics of fuels treatments is to sell emission reduction credits (ERCs), some of which may 
be derived from reducing wildfire emissions through forest fuels treatments (e.g. thinning of 
merchantable and non-merchantable trees, mastication, prescribed fire, etc), and using the 
resulting biomass waste stream to generate renewable electricity.  EPA and those implementing 
AB32 in California require that ERCs be quantifiable, real, permanent, enforceable, verifiable, 
and surplus.  An integrated approach is therefore needed to objectively quantify emissions 
generated from wildfires and to ultimately assess the effects of fuel treatments. 
 
To assist Winrock International in establishing a rigorous approach for ERCs, Spatial 
Informatics Group, in conjunction with the University of California, is developing a 
methodology that includes scientifically based models for predicting changes in fire behavior and 
related emissions, both with and without hazardous fuels reduction treatments.  The goal is to 
produce an integrated framework of process-based models to provide localized estimates of 
relative emissions reductions (i.e. conditional probabilities and emission amounts, contingent on 
a fire happening in a specific treated area).  To perform such an assessment, fuels must be 
characterized as inputs to fire behavior and emissions models, and the size and shape of the area 
for fire hazard assessment (i.e. the fireshed) must be identified.  The potential for emissions 
reductions to actually be realized in different locations and vegetation types must also be 
quantified (i.e. baseline absolute probabilities, from long-term observed relationships between 
fire and environmental variables that influence regional fire occurrence rates).   
 
The ERC framework being developed consists of several components.  Firesheds are delineated 
as units of analysis.  Within a fireshed, baseline (untreated) fire hazard and emissions are 
estimated.  Once potential treatments are defined for a fireshed, fire hazard and emissions are 
estimated for the treated landscape, accounting for not only changes within a treatment area, but 
changes due to fire shadow effects.  Fire shadow effects are changes in fire behavior and 
emissions that occur due to treatments, but are outside of treatment areas.  Potential ERCs would 
be based on estimates of pre- and post- treatment fire hazard and emissions.  These estimates are 
modified by the long-term probability of occurrence across the fireshed.  Fig. 1 summarizes 
components of this conceptual framework.  This report focuses on the development of four 
elements of this framework: assessment of long-term fire occurrence probabilities, delineation of 
firesheds, choice of a fuel classification standard, and a baseline fire hazard assessment.  This 
work was performed as a pilot study using data primarily from Shasta County, California, USA. 
 
Shasta County, in north-central California, spreads across the northern Sacramento River Valley, 
from the eastern Klamath Mountains on the west to the Modoc Plateau and Mt. Lassen on the 
east.  Elevations range from 107 m (350’) along the Sacramento River to 3188 m (10,457’) at the 
summit of Mt. Lassen, with precipitation ranging from ~50 cm on the Modoc Plateau to ~300 cm 
on Mt. Lassen. Mixed conifer forests are the most common vegetation type within the county 
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(with more pine at the lower range, and more fir at the upper elevations).  The county also 
includes large tracts of oak and oak/pine woodland, oak savanna, non-native annual grasslands, 
and mixed and montane chaparral. 
 
 
 
2.  Long-term Fire Probability Mapping 
 
2.1  Background 
 
Carbon accounting is a conceptually straightforward method of tallying the sources and sinks of 
carbon. However, quantifying carbon stocks and flows (whether historical, current, or future) for 
ecological systems is complex because of the spatial and temporal trends, interactions, and 
feedbacks of ecosystem processes.  Wildfires, which are crucial disturbance processes in many 
of the world’s ecosystems, are a prime example of that complexity.  Wildfires combust biomass 
and are a source of carbon emissions, at least in the near term (Randerson et al., 2006), although 
they may act as a long-term carbon sequestration mechanism in some systems.  
 
Fires occur as a function of a “fire regime triangle” of factors that regulate long-term fire 
activity: ignition sources, vegetation type, and climatic conditions during the fire season (Moritz 
et al., 2005; Fig 2).  Spatial and temporal variation in these three factors interact, and the 
outcomes – the area burned, burn severity, seasonality, fire size, and fire intensity – are well 
described as stochastic events regulated to varying degrees by different factors in the fire regime 
triangle.  Patterns of fire events in a specific location over time are used to describe its fire 
regime.  For example, weather conditions and patterns vary from year to year, often in multi-year 
cycles (Kitzberger et al., 2007), such that long-term data are required to estimate the boundaries 
of historical variation in fire activity.  
 
Applying fuel treatments to forested stands has been proposed as one method to reduce the risk 
of both catastrophic wildfires and the area burned during a wildfire, as well as carbon emissions 
from forests in California.  The costs associated with treating millions of acres of forested lands 
are a central issue in this process, and sale of emission reduction credits may be one way of 
improving the economics of fuel treatments.  If emission reduction credits are to be given for 
these treatments, it is necessary to establish a robust estimate of the baseline fire return intervals 
(i.e. from long-term mapped fire occurrence probabilities) for gauging the effectiveness of 
treatments at reducing carbon emissions.  This is because some portions of the landscape are in 
more fire-prone environments than others, which means that some fuels treatments are more 
likely to achieve their emissions reduction benefits than others.  Long-term expected fire 
occurrence probabilities are also necessary for assessing the relative merits of forest carbon 
sequestration projects (i.e. through quantifying environmental uncertainty and potential losses 
over 100 years), although establishing these baseline metrics is not carried out routinely (e.g. 
Richards and Stokes, 2004). 
 
Winrock International developed a pilot study (Brown et al., 2006) to estimate historical rates of 
carbon emission from the area burned by wildfires within the mixed conifer forests of two 
ecoregions in northern California: the Cascades Northeast and North Coast, as defined by the 
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California Department of Forestry and Fire Protection’s (CalFire) Fire and Resource Assessment 
Program (FRAP).  Historical burn rates were proposed as a baseline for comparing the 
effectiveness of stand treatments in the future.  A temporal moving window approach was 
suggested to determine baseline burning rates for the mixed conifer forest area.  For example, the 
observed area burned over a ten year period might be used to forecast burn rates in the 
subsequent decade.  However, there is no way to assess how many decades of data are needed to 
quantify variability in burn rates and if any decade sampled is representative of ongoing patterns, 
particularly for vegetation types that may only burn once over multiple centuries.  Long-term fire 
occurrence probabilities can also be sensitive to the spatial window used in their determination.  
These shortcomings were assessed in an earlier report (Waller et al. 2007), in which a more 
rigorous fire probability mapping method was proposed. 
 
A variety of statistical approaches has been developed at different spatial scales to relate fire 
occurrence probability at a location to variability in environmental characteristics (e.g. 
McKenzie et al., 2000; Cardille et al., 2001; Parisien and Moritz, 2009; Krawchuk et al., 2009). 
Such models can consider a wide range of predictor variables, including vegetation 
characteristics (e.g. cover type, productivity), topographic factors (e.g. slope, aspect, and 
landscape position), climate (e.g. averages and seasonality), ignition potential, and anthropogenic 
factors (e.g. human population pressure and land-use) as candidates to describe spatial variation 
in long-term fire occurrence probabilities.  Many open questions remain, however, about the best 
variables to use, inherent sensitivities to modeling decisions, and techniques for training and 
testing such models.  Here we describe a scientifically rigorous method of quantifying baseline 
fire occurrence rates, based on long-term fire patterns (i.e. multiple decades) and spatially 
explicit environmental variables.  This approach has successfully been applied to regions of 
California and can be extended to the entire western U.S. (Parisien and Moritz, 2009). 
 
2.2  Methods 
 
We used the Maxent statistical framework, a recently developed probabilistic distribution 
modeling tool (Elith et al., 2006; Phillips et al., 2006), to generate spatially explicit fire 
probability maps for Shasta County, California.  Maxent estimates the target distribution by 
finding the distribution of maximum information entropy (i.e. closest to uniform) subject to the 
constraint that the expected value of each feature under this estimated distribution matches its 
empirical average.  This approach requires fire history records (locations) for an area as training 
data and spatial environmental layers as independent predictor variables of fire presence, 
establishing complex statistical relationships between fire occurrence and the environmental 
variables that characterize the most suitable locations for its occurrence.  No fire absence data are 
required, as would be necessary for many distribution mapping tools (Philips, 2008).  Special 
features of Maxent, including regularization and cross-validation of data, help to prevent 
overfitting of training data and allow the generation of robust fire-probability maps.  The 
methodology employed here could thus be extended to any other region with appropriate fire 
history and environmental data (e.g. Parisien and Moritz, 2009; Krawchuk and Moritz, 2009; 
Krawchuk et al., 2009).  
 
Training data for Maxent were obtained from fire history maps (1900-2007)(CalFire FRAP, 
2010) and climate data (PRISM at ~800 meter resolution and Daymet at 1-km resolution) 
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covering Shasta County.  Monthly and annual means of environmental variables were sampled 
within the area burned by each fire for the period under consideration.  Initial modeling used 32 
environmental variables (Tab. 1) as predictors (independent variables), constituting the full 
model.  Subsequent correlation analyses among these 32 variables led to the development of a 
reduced, 15-variable model.  The reduced set included the minimum and maximum monthly 
values of temperature, precipitation, precipitation frequency, relative humidity, solar radiation, 
potential evapotranspiration, water balance, and cumulative annual deficit of soil moisture.  
Northern California was determined to be an appropriate geographic region from which to 
develop models.  Final Maxent models were based on an average of a suite of four models: two 
different variable sets (32-variable ensemble and 15-variable ensemble) and two different fire 
size thresholds in each region (1000 acre and 5000 acre).   
 
Maxent’s logistic output is a relative fire occurrence probability, arbitrarily scaled between zero 
and one; therefore, it is not a true annual burn probability, nor necessarily a probability of 
burning over the time period from which the training data were collected.  The results must be 
rescaled using fire history data to be converted to meaningful fire occurrence probabilities.  The 
approach used here involved determining the mean annual burn rate from fire history data for the 
training area, and then dividing this by Maxent’s mean fire probability value for the same area, to 
determine a conversion factor between the two products.  Applying the derived ratio to the 
Maxent relative probability occurrence map results in the appropriate fire occurrence probability 
map.  This result can also be inverted to give an expected fire return interval. 
  
California’s fire history data are considered fairly reliable back to 1950, but using a time window 
of 1950-2007 to determine an annual burn rate provides a relatively low estimate of annual 
burning compared to a window that includes only more recent years.  Fire reporting has become 
more accurate (e.g. older data may be missing fires), and recently, fire activity has increased 
perhaps due to changes in the climate.  Using 2001-2007 thus provides a more recent higher burn 
rate that can be thought of as an upper estimate of annual burning.  Fire history data from two 
time windows (1950-2007 and 2001-2007) were used to generate two conversion factors that 
could be applied to the Maxent relative probability outputs to get upper and lower estimates of 
annual burn probabilities.  These results were then inverted to give expected fire return interval 
products.  In addition to considering the average output of these four models, we generated 
approximate 95% confidence interval products for each model based on the standard deviation 
(SD) output from Maxent (mean +/- (1.96*SD/root n)) where n refers to the number of 
bootstrapped replicates in a Maxent model run.  These upper and lower confidence interval 
products from each model were then separately averaged to generate multi-model upper and 
lower confidence interval products.  Further details on model fitting methods can be found in 
Parisien and Moritz (2009). 
 
2.3 Results 
 
Relative fire occurrence probabilities were mapped for Shasta County and fire return intervals 
were summarized with histograms according to vegetation type.  For vegetation type classes, we 
computed probabilities according to WHR (wildlife habitat relationships) type in the FRAP-
LCMMP (Land Cover Mapping and Monitoring Program) land cover map.   
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Among the many model input scenarios and model averaging techniques investigated, we found 
considerable spatial variation in long-term fire occurrence probability patterns.  Consistent with 
our previous work, this heterogeneity (e.g. Fig. 3a) reflects important differences in 
environmental variables that determine how fire-prone an area tends to be.  However, there was 
also variation among the individual model runs that were eventually averaged to produce each 
fire occurrence probability surface, which is reflected in mapped SD products (e.g. Fig. 3b).  
While it is encouraging that some regions of the study area may show relatively little variation 
among modeling runs (e.g. much of coastal and far northern area in Fig. 3b), other areas are 
much more sensitive to choices made for individual models.  Furthermore, due to inherent 
variation in independent variables, we found that expected fire return intervals are not uniform 
within the climates of any given vegetation type (e.g. Fig. 4).  This is not surprising, given that 
some locations can tend to be more fire-prone than others, even within a particular vegetation 
type. 
 
The Blue oak woodland, mixed chaparral, and Sierra mixed conifer types with shorter fire return 
intervals, tend to be normally distributed around a most common burn rate near the mean; only 
Sierra mixed conifer vegetation exhibited “heavy tailed” distributions with small amounts 
showing very long expected fire return intervals (Fig. 4).  Despite this variation, there are some 
clear trends among the climates of the different vegetation types.  In this example, Blue oak 
woodlands and mixed chaparral tend to burn most frequently (~100-160 year range of fire return 
intervals).  Fire return intervals begin to lengthen with increasing elevation to the Sierran mixed 
conifer forests (~120-350+ year range of fire return intervals), and even further in higher 
elevation fir forests (averages of ~200 years for White fir and ~300 years for Red fir forests; data 
not shown).   
 
Another sensitivity examined was that of the conversion factor used to transform relative fire 
occurrence probabilities to expected fire return intervals.  For example, recalculating the fire 
return interval distributions for Sierra mixed conifer with a 1950-2007 historical annual burn rate 
instead of one based on 2001-2007, we see that mean fire return intervals are lengthened by well 
over a century (Fig. 5).   
 
2.4 Discussion 
 
Long-term fire probability maps were developed for Shasta County using Maxent, a recently 
developed probabilistic distribution modeling tool.  These maps are crucial for calibrating ERC 
analysis, and they are also useful inputs to the delineation of firesheds.     
 
Because modeled fire probabilities can be sensitive to model training samples, the estimates 
given here should be interpreted with caution.  For example, we find substantial differences 
between models, depending on whether training points are gathered from northern California or 
all of California.  Extensive exploratory analysis and sensitivity analyses led to the conclusion 
that regional models were more accurate and realistic than spatially transferred models (i.e. 
models applied away from their source training data).  While this has negative implications for 
spatial transferability and robustness of any particular model, it also suggests that regional 
datasets have enough data to develop a good local model of controls on long-term fire 
occurrence probabilities. 
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It is clear that various measures of model performance have limitations.  For example, some 
common metrics (e.g. AUC – area under the curve) are sensitive to sample prevalence and the 
geographic extent over which it is applied (Lobo et al., 2008).  Furthermore, it is difficult to treat 
any fire data as “truth” against which a product can be perfectly judged, due to the somewhat 
stochastic nature of fire.  Various measures may be adequate for rough model comparison, but 
there is no one perfect measure for fire probability evaluation.  At the very least, refitting models 
on some periodic basis is required, so that new fire occurrence data and associated environmental 
characteristics are integrated into long-term mapped estimates of fire occurrence probabilities.  
Regardless of the application, it is most appropriate to examine a suite of fire return interval 
estimates (e.g. low, medium, and high) for a specific area, to incorporate the potential range of 
natural variability inherent in fire regimes there. 
 
 
 
3.  Fireshed Delineation 
 
3.1 Background 
 
The term “fireshed” is increasingly being used to denote management units for fire planning.  
This is similar to the notion of natural resources being managed on a “watershed” basis, with 
actions in different portions of the watershed having effects on other parts within the watershed, 
or on the ultimate output (water resources) of the unit.  Events or actions such as wildfire or fuels 
management activities in a fireshed can also have effects on areas greater than just the local area 
immediately affected.  For example, forest thinning in one area may have a “shadow effect”, not 
only altering fire behavior and emissions in the treatment unit, but in adjacent areas as well.  The 
cumulative effects of multiple treatments in an area may therefore result in greater effects across 
the entire area than just the sum of the individual treatments.  Firesheds may also capture areas 
where similar fire response strategies may be used to influence wildfire outcomes (Bahro et al., 
2007).  These examples demonstrate the need for a planning unit greater in size than that of 
wildfires, treatments, or other management activities.   
 
Firesheds are generally delineated based on topography, fuels and vegetation patterns, 
assessment of fuel treatment effectiveness, barriers to fire spread, and fire behavior expected 
under relatively extreme fire weather conditions.  Currently the USDA Forest Service is 
implementing and refining its Stewardship and Fireshed Assessment Process (SFA) across many 
of its forests in California (Bahro et al., 2007).  An early part of this broad planning process is to 
delineate firesheds, within which fire management activities can be effectively planned and fuel 
treatment effectiveness evaluated.  Fireshed delineation within the SFA process is a collaborative 
process, based on elements such as stakeholder input, expert opinion, and simulation of the 
“problem fire” for the planning area.  The problem fire is a simulated fire that is of primary 
concern to stakeholders for its potential impact to lives, property, forests, and watersheds (Bahro 
et al., 2007).  It is based on exploration and examination of fire history and historical weather for 
an area.   
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For the process being undertaken by Winrock International of assessing potential emission 
reductions from fuel treatments, an effective planning and assessment unit is also required.  The 
fireshed concept meets the needs of this process.  Here, we seek to improve on current, 
somewhat subjective methods of fireshed delineation by adding a new ecologically and 
statistically based approach.  We integrate data for Shasta County on land cover, weather, 
topography, and fire probability into a semi-automated statistical process that divides or 
regionalizes the study area into firesheds.   
 
3.2 Methods 
 
Our methodology for delineating firesheds generally considers five main factors:  the “fire 
behavior triangle” (fuels, weather and topography) (Pyne et al., 1996), barriers to fire spread 
(both natural and anthropogenic), potential fire behavior (under a “near-worst case” weather 
scenario), fire occurrence probability patterns (as discussed in section 2), and fire history 
(CalFire FRAP Database, 1900-2007).  The analysis was performed in a Geographic Information 
System (ArcGIS 9.3 software).  We began the process by performing an analysis of barriers to 
fire spread in Shasta County.  These barriers included major roads, major water courses, urban 
areas, areas with no burnable vegetation, and agricultural areas.  The outlines of these barriers 
were combined into one polygon layer.  Shasta County was then divided up by this barrier layer 
to form “barrier units”. These barrier units served as our broadest unit of analysis, as fire would 
likely be contained within these large units.  Each barrier unit was analyzed separately.  Barrier 
units were subsequently divided into smaller units, termed “fire basins”, based on the California 
Watershed Boundary Dataset (WBD) subwatershed delineations (6th level, 12-digit)(CalWater, 
2010).  These topography-based polygons are hydrologic units that define the aerial extent of 
surface water drainage to a point.  They served well as our smallest, most basic units of analysis, 
as they are generally smaller than our anticipated firesheds (~3000 to ~40,000 acres), and are to 
some degree also naturally bounding units for fire.   
 
Each fire basin was then attributed with a value for each of several environmental variables of 
interest.  Fire basins were given values for majority vegetation type (from the National Land 
Cover Database 2001), wind speed expected under a near-worst case scenario (overall 25mph 
from the southwest) averaged over the entire fire basin (as modeled in WindNinja 2.0 software) 
(Forthofer, 2009), and topographic roughness index (TRI).  The topographic roughness index is a 
measure of how quickly the terrain (elevation, slope aspect) changes over a given distance 
(Stambaugh and Guyette, 2008).  Each fire basin was also assigned values for potential fire 
behavior (mean flame length, mean fire line intensity, and majority crown fire activity level) as 
modeled in FlamMap 3.0 (Finney, 2006) under near-worst case weather conditions (97.5th 
percentile).  Finally each fire basin was assigned a value for mean annual burn probability, 
averaged over the entire fire basin.  The result of these assignments was a multivariate dataset for 
each barrier unit, with each fire basin as an observation, attributed with the multiple variables 
mentioned above.   
 
Within each barrier unit, our goal was to aggregate the smaller fire basins into larger units 
(firesheds) based on multivariate analyses of the fuels, weather, topography, fire behavior, and 
fire probability data assigned to each fire basin.  Units which were the most similar and adjacent 
to one another would get aggregated into larger firesheds.  The minimum size of the fireshed in 
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Shasta County was based on the idea that that each fireshed should be larger than the “problem 
fire” or a near-worst case scenario fire.  Our minimum fireshed size was three times the 80th 
percentile historical fire size, or approximately 10,000 acres.  We aggregated the fire basins 
using several methods.  The first analysis is called spatially constrained agglomerative clustering 
(performed in BoundarySeer 1.3 software).  In this multivariate statistical method, clusters of 
polygons are formed by agglomerating individual polygons based on similarity of variables and 
adjacency (Jacquez and Maruca, 2003).  Formation of clusters (in order to form firesheds) is 
constrained so that clusters form contiguous areas.  Agglomeration of fire basins stops when the 
process reaches the user-defined number of clusters within a barrier unit.  This number was 
determined for each boundary unit by performing a goodness-of-fit analysis for varying numbers 
of clusters.  This analysis only used the numerical data available.  We further refined clusters by 
using Wombling techniques (also in BoundarySeer 1.3) on our categorical data (land cover type 
and crown fire activity).  In cases where clusters did not meet the minimum fireshed size 
requirement, they were manually combined with other clusters based on adjacency, topography, 
and land cover type.  In some instances, it was not possible to meet the minimum size 
requirement due to fire barriers and county lines. 
 
3.3 Results 
 
Shasta County was initially divided into 16 barrier units.  These barriers split the initial 141 
subwatersheds into 193 fire basins.  Cluster analysis grouped these fire basins into 45 unique 
firesheds (Fig. 6).  Majority NLCD cover types represented in the firesheds were 42 (Evergreen 
Forest), 43 (Mixed Forest), 52 (Shrub/Scrub), and 71 (Grassland/Herbaceous).  Fireshed size 
ranged from 6335 acres to 163,176 acres.  Among firesheds, fire probability ranged from 0.26 to 
0.59.  Mean wind speed ranged from 21.9 to 25.1 mph.  Mean TRI ranged from 1 to 1.123.  
Mean surface flame length varied from 2.1m to 39.6m.  Mean fireline intensity ranged from 
1,334 kW/m to 65,216 kW/m.  26 of 45 firesheds burned with the majority of their area in crown 
fire class 1 (no crown fire), while 5 firesheds burned with the majority of their area in crown fire 
class 2 (passive/torching) , and the remaining 14 firesheds burned with the majority of their 
firesheds in class 3 (active crown fire).  Full details of all fireshed characteristics are summarized 
in Tab. 2. 
 
3.4 Discussion 
 
In the absence of any repeatable and objective available process for currently delineating 
firesheds, we have demonstrated the feasibility of a new statistically based approach.  This 
process theoretically divides our study area into relatively homogenous units that can be used for 
analysis and planning at the scale of the “problem fire”, which in this case was represented by 
approximately three times the 80th percentile fire size, or 10,000 acres.  It is important to note 
that our delineation process is primarily statistical in nature, taking into account fuels, weather, 
topography, fire probability, and potential fire behavior.  As such, some of the firesheds as 
delineated here may not be reasonable units for management or planning, which may take into 
account such things as political boundaries, access, other management activities, etc.   
 
Similar to the Stewardship and Fireshed Assessment Process, our fireshed delineation process 
continues to be refined.  Areas for further investigation include using different initial area units 
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other than subwatersheds.  For example in areas where homogenous units of vegetation have 
been defined (e.g. forest “stands”), these might provide a better initial units for clustering.  
Smaller initial units or fire basins might, however add significantly to the complexity of the 
analysis.  The barrier analysis might also be improved by closer examination of whether certain 
roads, waterways, or urban areas will actually act as barriers to fire spread.  In terms of clustering 
of fire basins, a better way to mix analysis of numeric and categorical data needs to be 
investigated, rather than manual adjustment of fireshed boundaries.  Additionally, as mentioned 
above, the analysis did result in some irregularly shaped firesheds, which may prove difficult for 
planning and management.  Integrating our statistical approach with more “expert opinion” 
based approaches is an avenue for further consideration.   
 
 
 
4.  Fuel Classification Standard  
 
4.1  Background 
 
Fuelbed characterization and classification is one of the most critical element of emissions 
estimation.  A fuelbed is composed of the live and dead vegetative materials that can combust in 
a fire.  It can include various vertical strata, including duff and litter on the forest floor, dead and 
downed woody material, live and dead herbs and shrubs, small trees in the under- and mid-story 
canopy, and live and dead trees of the upper canopy.  Fuelbeds also vary horizontally (aerially) 
across the landscape.  To account for horizontal variation, a particular study area can be spatially 
classified into one or more fuelbed types, each considered homogenous within itself.  Fuel 
models are numerical descriptions for particular fuelbed types, which can be used to estimate fire 
behavior or smoke emissions.  Fuel models were originally devised as a way to organize fuel 
data for input into Rothermel’s (1972) mathematical fire spread model (Deeming et al., 1977).  
Various fuel model systems exist and are in use today, which have developed along different 
lines for different purposes.  Choosing appropriate fuel models for the emissions reduction 
framework will depend largely on data availability, appropriateness of available models for fire 
behavior and emissions estimation, and the desired level of accuracy for these estimates.  
 
4.1.1 Fire Behavior Fuel Models 
 
The most widely used fuel model systems have developed out of fire behavior modeling, based 
on the Rothermel fire spread equations (Rothermel, 1972).  The most current and widely used 
implementations of the Rothermel equations are the computer programs BehavePlus (Andrews et 
al., 2008), FlamMap (Finney, 2006) and Farsite (Finney, 1998).   BehavePlus is a non-spatial fire 
behavior prediction program, estimating fire characteristics for a single homogenous fuel bed.  
FlamMap and Farsite are spatial implementations, predicting fire characteristics and fire spread 
across a digitally mapped landscape. These programs depend on inputs of weather, topography, 
and a standard or custom set of fuel models to predict such fire characteristics as flame length, 
fireline intensity, and crown fire activity. 
 
The original 13 fire behavior fuel models (described by Anderson, 1982), and their updated 
versions (described by Scott and Burgan, 2005) are widely used by fire agencies for wildfire and 
fuel treatment planning.  In addition to weights per unit-area of different fuels particles in each 
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stratum, these fuel models specify various other characteristics such as heat content, surface 
area-to-volume ratio, and moisture of extinction.  The national LANDFIRE project mapped these 
fuel models across the country for regional scale planning (USDA, 2010).  Many smaller scale 
mapping efforts have been done for specific areas.  These fuel maps can be created by field 
sampling in an area with fuel model classification in mind, or by interpreting remotely sensed 
imagery, but more often are “crosswalked” between vegetation type classifications and fuel 
models.  “Crosswalking” involves translating mapped vegetation types into fuel models, based 
on expert opinion of how a particular vegetation type might relate to a particular fuel model.  
Sometimes specific vegetation types can be reliably equated to particular fuel models, but other 
times vegetation type descriptions may not lend themselves to direct correlation.   
 
4.1.2 Fire Danger Fuel Models 
 
The National Fire Danger Rating System is a set of computer algorithms, programs, and models 
aimed at estimating fire danger.  Fire danger in the NFDRS is a characterization of the potential 
for initiation, rate of spread and difficulty of control of a wildland fire (NWCG, 2002).  It is used 
primarily by land management agencies for fire planning, staffing, and suppression purposes.  
Inputs into the NFDRS include antecedent weather, topography, live and dead fuel moisture, and 
fuel types.  The outputs of the NFDRS are three relative ratings:  Occurrence Index, Fire Load 
Index, and Burning Index. Fire danger estimations are designed to be representative of general 
conditions over broad areas, as opposed to fire behavior prediction (e.g. the FlamMap model) 
which is site specific.   
 
A major input into NFDRS is the fuel model.  The NFDRS contains a set of 20 fuel models 
developed specifically for this system, which is why NFDRS is being considered here.  These 
twenty models are designed for making general fire danger predictions over large areas – often 
tens of thousands of acres in size.  They are not necessarily designed to predict site-specific fire 
behavior, which is influenced highly by such factors as specific slope, wind speed, and fuel 
moisture.  Additionally, while the fuel models do incorporate characteristics for dead and live 
woody material, they are not descriptive enough to simulate such complex processes as crown 
fire or post-frontal combustion.  As such, the NFDRS fuel models are likely not appropriate for 
either the fire behavior prediction or the emissions estimation to be performed in our framework. 
 
4.1.3 Fire Effects and Emissions Fuel Models 
 
Fire emissions models such as Consume (Prichard et al., 2010a), the Fire Emissions Production 
Simulator (FEPS) (Anderson et al., 2004), and the First Order Fire Effects Model (FOFEM) 
(Reinhardt et al., 1997) have developed in parallel with fire behavior modeling, but have 
different data requirements.  This is primarily due to the fact that accurate emissions estimations 
often require different descriptions of fuelbeds, than do fire behavior prediction models. They 
also require coupling of frontal surface fire, post-frontal surface fire, and crown fire in making 
estimates.  Fire behavior fuel models are primarily designed for modeling either surface or crown 
fire behavior (e.g. fire at the flaming front).  Pollutant emissions, however, are not only the result 
of fire at the flaming front, but are also greatly affected by post frontal combustion (e.g. 
smoldering), burning of jackpot accumulations, and other combustion processes.   
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Consume is a Windows-based computer application that can predict fuel consumption, pollutant 
emissions, and heat release based on a number of factors including fuel characteristics and 
environmental conditions (Prichard et al., 2010a).  Among the primary benefits of this model is 
that it allows for very detailed specification of the fuelbed. Consume uses the Fuel Characteristic 
Classification System (FCCS) model for fuel classification.  It accounts for virtually the entire 
range of vertical fuel strata, including duff, basal accumulations, squirrel middens, litter, ground 
lichen and moss, sound and rotten dead wood, stumps woody fuel accumulations, grasses and 
herbs, shrubs, trees, snags, and ladder fuels, with different algorithms for computing emissions 
from each of these strata.  Consume also has a useful hierarchical project structure which allows 
the user to specify different fuelbeds within project units, and different units within a project.  
Users can customize fuelbeds to account for local variation. 
 
The FCCS fuel models are a very detailed approach to fuelbed classification, describing fuelbeds 
in terms of various vertical strata including duff, basal accumulations, squirrel middens, litter, 
ground lichen and moss, sound and rotten dead wood, stumps, woody fuel accumulations, 
grasses and herbs, shrubs, trees, snags, and ladder fuels (Prichard et al., 2010b).  The FCCS fuel 
models feed directly into the Consume emissions model.  More than 300 fuel models have been 
described to date in the FCCS.  The latest version of FCCS will make suggestions for crosswalks 
from FCCS to fire behavior fuel models, but not the other way around. 
 
Similar to Consume, FEPS is a Windows-based computer application that can predict fuel 
consumption, pollutant emissions, and heat release of prescribed or wildland fires.  Users 
describe an “event”, specifying up to five fuel beds, fuel moisture, fuel consumption, and hourly 
values for area burning and wind.  Total burn consumption values are distributed over the life of 
the burn to generate hourly emission and release information (Anderson et al., 2004).  Users can 
input their own fuel characteristics or use and/or modify fuel models built into FEPS.  Fuel 
inputs are specified as tons per acre of canopy, shrub, grass, woody vegetation, litter and duff, 
and users can specify whether fuels are activity (e.g. slash) or natural.  Users can load values 
from the NFDRS fuel models, as well as the FCCS fuel models. 
 
FOFEM is a computer program and set of algorithms used to predict first order (direct or 
immediate) consequences of fire.  This includes predicting tree mortality, dead fuel consumption 
by size class and resultant fire intensity over time, pollutant emissions by flaming and 
smoldering combustion, and soil heating at a range of soil depths over time since ignition 
(Reinhardt, 2008).  FOFEM uses fuel models based on vegetation type (SAF/SRM cover type or 
NVCS cover type).  The user is allowed to choose the vegetation type in question, and each 
vegetation type in FOFEM has default fuel characteristics associated with it.    These defaults 
were developed through an exhaustive search of fuels literature (Reinhardt, 2008).  Input 
characteristics include tons/acre of litter, duff, dead woody fuels, herbaceous, shrub, and canopy 
fuels.  The user can change these inputs for their specific study site.  Additionally, the latest 
version of FOFEM allows for use of FCCS fuel models.  
 
4.1.4 Choice of fuel models for ERC Framework 
 
Tab. 3 describes the different fuel models available and the pros and cons of each.  For the ERC 
framework being developed here, we must estimate changes in both fire behavior characteristics 
as well as emissions.  Regarding fire behavior prediction, the fire danger fuel models are 
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designed for the NFDRS system, which estimates broad scale surface fire danger, outputting 
such indices as burning index.  We are more interested in specific potential fire behavior for a 
study site, including crown fire activity.  Though they use some of the same basic equations (e.g. 
Rothermel, 1972), current models for predicting fire behavior and spread (BehavePlus, 
FlamMap, Farsite) utilize the fire behavior fuel model format (e.g. Anderson, 1982 and Scott and 
Burgan, 2005) in combination with vegetation canopy characteristics.  Scott and Burgan (2005) 
is the most recent and comprehensive description of fire behavior fuel models available, and will 
suit the needs of the fire behavior portion of this project.  These fuel models, designed primarily 
for modeling surface and crown fire at the flaming front (vs. post frontal combustion) do not 
translate easily into inputs for emissions estimates, however.  We did attempt a translation of fire 
behavior fuel models for use in emissions models, with limited success (described below). 
 
For the most accurate emissions estimates, we would ideally have all the data inputs for all fuel 
strata characteristics (such as duff and litter loading, shrub cover, dead fuels, etc) available to us 
for an entire study area at some small resolution (e.g. 10m).  Among the fuel models used in the 
three primary emissions estimate programs (FCCS, SAF/SRM/NVCS vegetation cover types, 
NFDRS) the FCCS fuel models are included for use in all three.  Additionally, the FCCS system 
allows for the most detailed description of fuel profiles.  FCCS fuel models have been mapped 
from LANDFIRE vegetation characteristics for the western United States.  The availability, 
flexibility and detail of the FCCS fuel models warrant their use in the ERC framework.  The 
Consume model makes the best use of the detailed FCCS fuel bed descriptions. 
 
4.2 Methods 
 
We estimated baseline emissions for forested areas in Shasta County using mapped FCCS fuel 
models obtained from the LANDFIRE database (shown in Fig. 7).  This process required first 
using fire behavior fuel models (Scott and Burgan, 2005) and canopy data from LANDFIRE to 
estimate baseline fire behavior for Shasta County (see section 5 for further details) in FlamMap.  
This allowed us to estimate the proportion of the forest canopy consumed in each FCCS fuel 
type, an input required in Consume.  We then calculated acreage for each FCCS forest fuel type 
in Shasta County.  For the emissions modeling, we input each FCCS fuel model, its fuel 
characteristics, and its acreage into Consume.  We used the default (unmodified) FCCS fuel 
model characteristics for each fuel model.  Tab. 4 summarizes the “preburn” fuel loading for 
forested areas in Shasta County after we input all fuel models.  We were then able to simulate 
fire under a “very dry” weather scenario, where 10 hour fuel moisture was 6%, 1000 hour fuel 
moisture was 10%, and duff fuel moisture was 25%.  Tab. 5 summarizes our estimates of 
emissions for forested areas of Shasta County modeled under this scenario.   
 
In a separate project (described in Saah et al., 2010), we estimated emissions for four study areas 
in the Sierra Nevada Mountains of California, again using FlamMap and Consume.  However for 
this project we used fuel models and canopy data from the LANDFIRE database, as well as fuel 
model and canopy data gathered from local field studies, in order to compare the emissions 
results.  We also attempted to use fire behavior fuel models (Scott and Burgan, 2005) instead of 
FCCS fuel models in Consume, in order to assess the feasibility of this method.  Similar to our 
simulations in Shasta County, we first modeled fire behavior in FlamMap, in order to estimate 
percent of the forest canopy consumed by fuel model.  Next, we created our own custom fuel 
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models by manually entering dead/downed and live surface fuel loading information published 
for each of the standard fire behavior fuel models, in order to use these models (instead of FCCS 
models) in Consume.  We repeated this process for each fuel model mapped in each study area, 
and then simulated fire under a “very dry” weather scenario (described above), and determined 
the total emissions by acreage.  
 
4.3 Results 
 
In the emissions estimation for Shasta County, 29 FCCS fuel models were represented in the 
forested areas analyzed (Fig. 7).  Total preburn fuel loading averaged over all fuel models was 
60.08 tons/acre, with 22.5 tons/acre in the forest canopy, 2.7 tons per acre in the shrub layer, 0.2 
tons/acre in the herbaceous layer, 16.7 tons/acre in the dead and down woody fuels layer, 1.9 
tons/acre in litter, lichen, and moss, and 16.2 tons/acre in ground fuels (duff, basal 
accumulations, and squirrel middens).  Canopy consumption in the various fuel models ranged 
from 13 to 94%.  Fire simulation for the study area resulted in 55.42 tons/acre of total pollutants, 
with 53% of emissions resulting from smoldering or residual combustion (as opposed to flaming 
combustion).   
 
For the four study sites in the Sierra Nevada, we were able to make emissions estimates using 
fire behavior fuel models, but the only publicly available data for these models was for surface 
fuels <3” in diameter and canopy fuels.  This allowed for modeling fire at the flaming front and 
in the canopy only, not post-frontal or residual combustion (e.g. smoldering, burning of large 
woody debris, etc.).  Using locally gathered data, total pollutant emissions were estimated to be 
28.2, 28.7, 14.8, and 10.6 tons/acre for the Kings River, Last Chance, Plumas-Lassen, and 
Sagehen study sites respectively.  Using national LANDFIRE data, total pollutant emissions 
were estimated to be 31.4, 42.0, 38.9, and 29.9 tons per acre for Kings River, Last Chance, 
Plumas-Lassen, and Sagehen respectively.  LANDFIRE-based estimates were 11%, 47%, 163%, 
and 181% greater than local data-based estimates.    
 
4.4 Discussion 
 
The Sierra Nevada study described above highlights the limitations of using fire behavior fuel 
models for estimating emissions.  Because the fire behavior fuel models characterize only those 
fuel elements needed for predicting surface fire behavior (and crown fire behavior if canopy data 
is available), this method limits emissions predictions to only those produced from the flaming 
front.  It is clear that in order to estimate both fire behavior/hazard and emissions we will need 
two separate classification systems.  The most descriptive and site specific fuel models are those 
described by Scott and Burgan (2005), which feed directly into the most commonly used fire 
behavior prediction models and programs (e.g. BehavePlus, FlamMap, and Farsite).  These 
programs also allow you to create use custom fire behavior fuel models or adjust standard 
models to allow for fuel profiles that don’t fit the standard models.   
 
The emissions estimates made for Shasta county demonstrate the feasibility of using the FCCS 
fuel model format for our ERC framework.  The FCCS format allows for much more complex 
descriptions of fuel beds than do other fuel classification systems.  The >300 standard fuel 
models in the FCCS are built into all three of the major emissions models considered here – 
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Consume, FEPS, and FOFEM.  Of these, Consume appears to make the best use of the different 
fuel strata described in the FCCS format.  It also allows the user to create new fuelbeds in the 
FCCS format or customize standard models, when standard models don’t fit the study area.  If 
field data is collected to classify a study are in the FCCS format, some additional information 
would be needed to translate data into the fire behavior fuel model format, including surface area 
to volume information, moisture of extinction, and heat content.  The FCCS program will, 
however, make suggestions for crosswalking an FCCS fuel model into a fire behavior fuel 
model.  Overall, the FCCS format, with the addition of the fire behavior fuel characteristics 
mentioned above, would be enough information to make both fire behavior estimates as well as 
emissions estimates.   
 
If using separately derived datasets for fire behavior fuel models and emissions fuel models, 
caution should be exercised to make sure models are consistent between datasets, especially 
when making fire behavior and emissions estimates on small scale projects.  In addition, it is 
important to remember that FCCS mapping in the LANDFIRE database are derived from 
vegetation maps, also in the database.  LANDFIRE data is intended for regional or broad scale 
analysis or planning efforts, and as such is generally appropriate for studies such as those 
considered here (e.g. Shasta County).  For smaller scale, local studies, other data sources may be 
more appropriate.    
 
 
 
5. Baseline Fire Hazard Assessment 
 
5.1  Background 
 
To measure potential change in fire behavior, we must first establish a baseline, which in this 
case is an estimation of potential fire behavior for a study area prior to any treatment scenarios 
proposed.  We can then simulate modifications to the landscape, estimate fire behavior again, 
and measure potential changes.  Changes in fire behavior can also be used as inputs into 
emissions models, to examine changes in potential emissions.  As noted earlier, these changes 
are conditional on a fire occurring in a given area, which can vary considerably.  We performed a 
baseline fire behavior assessment of Shasta County for this purpose.    
 
5.2  Methods 
 
Mapped data for fire behavior assessment were downloaded from the national LANDFIRE 
database for Shasta County, representing the most current, best coverage, and readily available 
data.  These data layers comprised the typical landscape “data stack” used in current spatial fire 
behavior models, including 30m resolution maps of fire behavior fuel models, elevation, slope, 
aspect, canopy height, canopy cover, canopy base height, and canopy bulk density.  LANDFIRE 
data is already co-registered for use in fire behavior programs and geographic information 
systems.  We projected the LANDFIRE data into a UTM coordinate system in preparation for 
analysis.  Weather inputs (temperature, humidity, and fuel moisture) for fire behavior 
simulations were created for three weather severity scenarios:  90th, 95th and 97.5th percentile.  
The weather conditions for each scenario were determined by examining historical weather data 
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in the program Fire Family Plus (USDA Forest Service, 2002).  Spatially explicit wind 
conditions under each of these weather scenarios were derived at 100m resolution in WindNinja 
software using a typical general direction and wind speed estimated from historical analysis.  
Potential fire behavior was modeled using landscape, weather, and wind inputs in the fire 
behavior simulation program FlamMap (Finney, 2006).   FlamMap does not simulate fire spread, 
but rather burns the entire landscape “instantaneously” to give a snapshot of potential fire 
behavior for the given landscape and conditions.   Though a variety of outputs and measures are 
available, we chose to estimate flame length, fire line intensity, and crown fire activity.  Flame 
length can be used as a measure of suppression difficulty, and fire line intensity as a measure of 
potential fire severity.  Crown fire activity is of primary concern as well, as fuel treatments are 
aimed at preventing large “catastrophic” wildfires, or those that consume most or all of the forest 
canopy.   
 
5.3 Results 
 
Flame lengths in wildlands (areas with burnable vegetation) across Shasta County averaged 9.4 
m, ranging from 0.1 to 237.2 m.  Areas of highest flame length were generally concentrated in 
the forested areas of the southeast, and the mountainous areas of the north and west (Fig. 8).  
Fireline intensities followed a similar pattern, averaging 11,714 kW/m, ranging from 3.19 to 
>800,000 kW/m.  The majority of forested vegetation (57%) experienced high crown fire activity 
(crown fire activity class 3 – active crown fire; see Tab. 6). 
 
We also classified fire behavior characteristics into three categories: low, medium and high.  
Flame length classes were determined using fire suppression benchmarks as follows:  Low = 
<1.2 m (4 ft) = fire can generally be attacked at the head or flanks by persons using hand tools, 
Med = 1.2 m (4 ft) – 2.4 m (8 ft) = fires are too intense for direct attack with hand tools, but 
equipment such as plows, dozers, pumpers, and retardant aircraft can be effective, and High = 
>2.4 m (8 ft) = fires present major control problems, i.e. torching, crowning, and spotting  (Pyne 
et al., 1996).  Fireline intensity classes, which correspond to flame length classes, were 
calculated using the following equation (Pyne, 1996):   
 
I = 259.833(L)2.174 

 

where:   
 
I = Fireline Intensity (kW/m) 
 
L= Flame Length (m) 
 
Crown Fire Activity is automatically predicted by FlamMap in three classes, where 1 = Low = 
No crown fire activity, 2 = Med = Passive crown fire activity or individual tree torching, and 3 = 
High = Active crown fire.  Independent (running) crown fire activity is not modeled in 
FlamMap.  Fire behavior was summarized by class and general vegetation cover type (Fig 9).  In 
all three vegetation types, the majority of the study area is predicted to burn in the high classes 
for flame length and fireline intensity.  For forested areas, crown fire activity is predicted to be 
“high” (class 3) for the majority of the study area.  This is likely due to the fact that our fire 
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behavior predictions were made under 97.5th percentile weather conditions (i.e. severe fire 
weather).   
 
5.4 Discussion 
 
These regional (countywide) estimates of potential fire behavior seem consistent with the severe 
fire weather conditions under which they were modeled, with approximately 50 to 80% of the 
landscape burning in “high” fire severity classes (Figs. 8 and 9).  This suggests that under these 
extreme conditions (97.5th percentile) a majority of the landscape is at risk of fire that is difficult 
to control (high flame lengths and fireline intensities) and damaging to the forest canopy (high 
crown fire activity class).  The primary goals of fuels treatments are to reduce the risk of high 
severity, large scale, highly damaging wildfire, as well as the potential for large smoke emissions 
into the atmosphere.  This assessment can be considered an estimate of current fire hazard within 
the study area prior to any proposed future treatments.  Changing the landscape data inputs to 
simulate treatments and running simulations again will allow us to detect potential changes from 
treatments.  Additionally, these data serve as vital inputs into several other parts of our 
framework (Fig. 1), including the delineation of firesheds and estimates of potential emissions.   
 
Our baseline fire hazard assessment used national LANDFIRE data for landscape and vegetation 
characteristics, as this is the only dataset available for the entire county that will support fire 
behavior analysis.  It is important to note that these data, while high resolution (30 m), are 
generally intended to support regional scale analysis.  While Shasta County may be considered 
“regional”, we did note some discrepancies in the LANDFIRE data that may suggest smaller 
scale analyses are warranted.  Specifically, there appeared to be some linear differences in 
mapped canopy characteristics in the northern part of the county, which could have been due to 
consolidation of different mapping efforts, or to lag time in updating data for different parts of 
the county.  It would be worth investigating the source of these linear changes in mapped data to 
make sure we have the most current and accurate representation of the landscape.  Additionally, 
it will be important to track whether these data are updated in the LANDFIRE database, because 
in an assessment of fuel treatment effects, we will want to isolate change due to treatments, as 
opposed to change from other sources.  This will necessitate using the same base data in both 
pre- and post- treatment analyses.     
 
 
 
6.  Conclusions 
 
The information gained from investigating the four topics in this report (i.e. relative fire 
probabilities, fireshed delineations, fuel classification standards, and baseline fire hazard) is 
intended to support our general framework for estimating potential changes to fire hazard and 
smoke emissions due to fuel treatments on the landscape (Fig. 1).  This in turn should provide a 
scientific basis for estimating potential ERCs that can be tied to on-the-ground fuel treatment 
activities.  While development is still ongoing, this work strengthens the foundation for a 
scientifically sound, contemporary and rigorous model of change that can support the process of 
carbon accounting.  The framework was developed with many criteria in mind.  Among these are 
the following: (1) the framework must make use of the most current models, technology, and 
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information; (2) it must focus on an appropriate scale of analysis; (3) it must be able to account 
for appropriate variables that may affect its outcomes; (4) it must be scalable, not only spatially 
but relative to data availability; and (5) it must be spatially explicit in its outputs.  Each of the 
elements addressed in this report can be evaluated in terms of these criteria. 
 
The fire probability mapping methodology shows promise as a way of estimating long-term 
expected fire return intervals for an area, which is critical if one is to estimate the true value of 
fuel treatments in one area over another.  It uses not just a singular estimate of fire risk (e.g. 
historical locations), but instead takes into account our best knowledge of the many factors that 
affect how fire-prone a particular area may be (e.g. long-term fire patterns and a myriad of 
environmental variables).  It is scalable in that we can add spatially explicit data on any number 
of factors (e.g. road density or proximity to urban centers) and use training data to determine 
how significant these factors are.  It is spatially explicit, but generally limited to the resolution of 
our input data, particularly climate data.  It is, however, well suited to coarse-scale questions of 
fire return intervals, as opposed to fine-scale fire behavior at the stand level.  To some degree, 
models may be “location specific” such that separate models might need to be developed for 
very different fire environments.   
 
Our fireshed delineation methodology is a novel way of focusing our analysis on an appropriate 
scale.  It improves on current methods, based on “problem fire” analysis, management 
constraints, and expert opinion, by adding an ecologically and statistically based element to the 
process.  Though we focused on fuels, weather, topography, fire risk, fire behavior, fire barriers 
and fire history to delineate our watersheds, the process is flexible enough to allow use of other 
environmental variables that may help refine or create fireshed boundaries.  A primary challenge 
lies in defining what constitutes a “homogenous” unit to use as the basis for creating firesheds.  
We chose to start with subwatersheds (HUC12), but other units may be more appropriate, such 
as forest “stands”.  However, this type of data may not be available or appropriate for the 
regional type analysis done here.  
 
The FCCS and fire behavior fuel model formats appear to be the most appropriate for use in the 
ERC framework.  The FCCS and fire behavior fuel model formats feed into the most current fire 
behavior and emissions models.  The FCCS format, with a few fire behavior variables added, 
allows for a very detailed description of fuel profiles.  To the extent that we can apply 
homogenous fuel profile classifications to particular areas, they are spatially explicit and 
scalable.  We can use data from various sources for these two fuel model formats, including the 
national LANDFIRE database which includes maps of both for the western United States.  For 
smaller scales, we can use locally collected data to create or classify areas into fuel models.   The 
fire pollutant emissions estimates made for Shasta County demonstrate, at least on a regional 
scale, how these fuel models can be applied in our ERC framework. 
 
The fire behavior assessment for Shasta County performed here demonstrates how we can create 
a baseline for assessment of fire hazard change.  We used the most widely accepted spatial fire 
behavior models (Rothermel, 1972; Finney, 2006) to predict fire behavior characteristics on the 
current landscape under a severe fire weather scenario.  We used LANDFIRE data at 30m 
resolution, though our analysis may not have warranted this high level of specificity.  The fire 
behavior models are able to account for different resolutions of data, and are not necessarily 
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affected by the size of the landscape. Because of the LANDFIRE database, data availability was 
not an issue, but rather data quality was in question (regarding crown fire characteristics).  Using 
more locally gathered data (as opposed to the remotely sensed LANDFIRE) is possible in this 
process, and it may be warranted in finer scale analyses or smaller study areas.  The models are 
expandable in that one can create custom fuel models for input, as well as adding supplemental 
data on canopy characteristics and ground fuels.    
 
Further development of the framework is in progress to quantify treatment effects on vegetation 
and on fire behavior (both within treatment areas and in shadow areas) using the Forest 
Vegetation Simulator model (Dixon, 2002).  We are continuing to refine the fireshed delineation 
process, looking at additional spatial multivariate clustering techniques.  Fire probability 
mapping is being refined through additional model validation and sensitivity analyses.  We are 
continuing to explore the use of FCCS and fire behavior fuel models in emissions models, 
including the BlueSky Framework.  In summary, our work demonstrates that an integrated set of 
quantitative models can make many of the most complex issues inherent in wildfire emissions 
accounting a tractable problem. 
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8.  Figures and Tables 
 
 
 
 

 
 
 
 
Figure 1:  Conceptual framework for estimating potential wildland fire emission reduction 
credits for a particular fireshed.  Major elements of the process include fireshed delineation, 
estimation of base area, treatment area, and shadow area fire hazard and emissions, and 
estimation of wildfire risk.  The fireshed is the major unit of analysis.  Treatments are fuels 
reduction projects such as thinnings or prescribed fire.  Fire shadows are areas outside treatments 
that are affected by treatments in terms of fire hazard or emissions.  CO2 emissions estimates 
(pre and post treatment) are a function of total stored carbon, CO2 contained per mass of carbon, 
size of fireshed, emission coefficient, and wildfire risk.    
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Figure 2: Controls on a fire regime.  The vegetation axis incorporates fire-related characteristics 
of the plant community, such as biomass productivity rates, canopy structure, and chemical 
flammability characteristics.  The climate axis represents atmospheric conditions conducive to 
combustion, such as how intense and how often hot, dry, windy conditions occur.  The ignitions 
axis captures the spatial and temporal patterns of both human and natural sources of fire. 
(Modified from Moritz et al. 2005). 
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a) 

 

 
 
 
Figure 3:  Example of mean (a) and standard deviation (b) of the relative fire occurrence 
probability of four model scenarios for Shasta County, California.  The combination of models 
included 2 different variable sets (32 variable ensemble and 15 variable ensemble), and 2 
different fire size thresholds in each region (1000 acre and 5000 acre).  Relative fire occurrence 
probability values range from 0 to 1.   
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Figure 4:  Histograms of fire return intervals by vegetation type: (a) Blue oak woodland, (b) 
mixed chaparral, and (c) Sierra mixed conifer.  Fire return intervals are calculated based on 
transformation of relative fire probabilities and historical burning rates for Shasta County over 
2001-2007 (from example models shown in Fig. 3). 

(a) 

(b) 

(c) 
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Figure 5.  Fire return interval distributions for Sierra Mixed Conifer forest in Shasta County, 
given different conversion factors for transforming relative mapped fire occurrence probabilities 
to fire return intervals.  The “Low Probability” conversion factor is based on the area burned 
over the full 1950-2007 period, while the “High Probability” conversion factor is based on area 
burned during 2001-2007.  Here the full 1950-2007 period of record results in much lower fire 
return intervals (e.g.  median = 157 yr, mean = 166 yr) than using the more recent 2001-2007 
period (e.g. median = 281 yr, mean = 297 yr). 
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Figure 6:  Firesheds delineated for Shasta County, California.  Areas not enclosed by a fireshed 
are non-wildland/non-burnable, i.e. water, urban, agricultural, or barren.   
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Figure 7:  FCCS Fuel Types mapped for forested areas in Shasta County, CA from the National 
LANDFIRE Database. 
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Figure 8:  Baseline fire hazard assessment for Shasta County, California.  (a) Flame Length (m).  
(b) Fireline Intensity (kW/m).  (c) Crown Fire Activity Class (forested areas only) 
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Figure 9:  Baseline fire behavior characteristics for Shasta County, California, separated by 
general vegetation type (NLCD).  Flame Length:  Low = 0 - 1.2m, Med = 1.2 - 2.4m, High = 
>2.4m.  Fireline Intensity:  Low = 0 – 346 kW/m, Med = 346 – 1730 kW/m, High = >1730 
kW/m.  Crown Fire Activity:  Low = surface fire, Med = passive or torching crown fire, High = 
active crown fire. 
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Predictor Variable Description Strongest Correlations (32) Strongest Correlations (15) 

Balance Annual water balance (PPT-PET), monthly 
carryover ppt_ann (0.98); maxm_ba(0.97)  

Defcapz Annual Deficit: Water Balance, no monthly carryover ppt_ann (0.88); maxm_ba(0.85) maxm_ba(0.85) 

Elev Elevation  humann (-0.85); tmaxmea (-0.84)  

Humann Annual average vapor pressure (absolute humidity) all humidities (>0.94)  

Humhigh Highest monthly average vapor pressure all humidities (>0.94)  

Humlow Lowest monthly average vapor pressure all humidities (>0.94)  

Maxm_ba Maximum monthly water balance pmaxm_l(0.99); ppt_ann(0.99) pmaxm_l(0.99) 

Minm_ba Minimum monthly water balance minm_de(1.00); petm_mm (-0.93) petm_mm(-0.93) 

Minm_de Minimum monthly deficit minm_ba(1.00)  

Mnths_a Number of months at deficit ppt_ann(-0.93); maxm_ba(-0.93)  

Pcpfrqa Annual precipitation frequency pcpfrqw(0.91)  

Pcpfrqd Lowest monthly precipitation frequency pminm_l(0.84);vpdm_mi(-0.83) pminm_l(0.84) 

Pcpfrqw Highest monthly precipitation frequency pcpfrqa(0.91) defcapz(0.82) 

Pet_yea Annual potential evapotranspiration (PET) petmin(0.80)  

Petm_mm Maximum monthly potential evapotranspiration minmde(-0.93);minmba(-0.93) minm_ba(-0.93) 

Pet_min Minimum monthly potential evapotranspiration radlow(0.85);pet_yea(0.80) radlow(0.85) 

Pmaxm_l Maximum monthly precipitation maxmba(0.99);ppt_ann(0.98) maxm_ba(0.99) 

Pminm_l Minimum monthly precipitation pcpfrqd(0.84) pcpfrqd(0.84) 

Ppt_ann Annual precipitation maxmba(0.99);pmaxm_l(0.98)  

Radann Annual radiation radlow(0.87)  

Radhigh Maximum monthly radiation humhigh(-0.77) petm_mm(0.64) 

Radlow Minimum monthly radiation radann(0.87) pet_min(0.85) 

Rangem_ Maximum minus minimum monthly water balance pmaxm(0.98);ppt_ann(0.97)  

Relativ Maximum monthly relative humidity rltvmin(0.68) rltvmin(0.68) 

Rltvmin Minimum monthly relative humidity minm_de(0.69) minm_ba(-0.69) 

Tmax_mi Maximum minus minimum monthly temperature tminm_l(-0.59)  

Tmaxm_l Maximum monthly temperature tmaxmea(0.91) pminm_l(-0.51) 

Tmaxmea Mean maximum monthly temperature tmaxm_l(0.91)  

Tminm_l Minimum monthly temperature tminmea(0.90) pcpfrqd(-0.73) 

Tminmea Mean minimum monthly temperature tminm_l(0.90)  

Vpdm_ma Maximum monthly vapor pressure deficit   

Vpdm_mi Minimum monthly vapor pressure deficit tmaxmea(0.83);pcpfrqd(-0.83)  

 
 
Table 1:  Predictor variables used in Maxent fire probability analysis. Bolded variables are 
members of the reduced 15-variable set. 
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Fireshed 

NLCD 
Cover 
Type 

Area 
(Acres) 

Fire 
Probability 

St. 
Dev. 

Windspeed 
(mph) 

St. 
Dev. 

Topographic 
Roughness 

Index St. Dev 

Surface 
Flame 
Length 

St. 
Dev. 

Surface 
Fire Line 
Intensity St. Dev 

Crown Fire 
Activity 
Class 

1 42 85157 0.261 0.054 23.53 3.79 1.019 0.017 27.88 22.88 42526.42 45943.67 3 

2 42 24859 0.389 0.061 21.90 4.02 1.081 0.030 20.95 25.18 37142.80 50837.22 1 

3 71 73845 0.461 0.050 24.25 1.91 1.006 0.008 7.89 12.00 9219.33 20322.60 1 

4 42 25997 0.447 0.103 22.80 2.86 1.015 0.015 37.10 20.38 58395.47 41651.88 3 

5 42 56444 0.339 0.140 23.65 3.91 1.029 0.034 30.45 23.58 47855.28 46991.94 3 

6 71 14817 0.392 0.018 23.86 0.50 0.999 0.001 3.66 5.77 3995.48 8698.73 1 

7 71 13811 0.433 0.014 23.85 0.56 1.000 0.002 2.84 4.96 2493.71 6219.85 1 

8 52 27656 0.551 0.045 24.02 2.30 1.021 0.020 7.59 11.42 10513.81 18390.39 1 

9 43 21696 0.538 0.058 23.76 2.52 1.026 0.025 9.25 12.01 12346.17 17856.13 1 

10 42 25386 0.454 0.065 23.36 6.03 1.080 0.029 22.89 28.42 39622.69 62399.55 3 

11 42 31825 0.409 0.061 23.63 5.96 1.086 0.038 21.48 25.82 37844.96 55103.24 1 

12 52 29314 0.490 0.046 23.93 3.15 1.031 0.032 11.72 17.65 16694.34 34450.85 1 

13 71 21114 0.427 0.024 24.28 0.66 1.002 0.003 5.51 8.36 5938.57 12938.56 1 

14 52 53956 0.464 0.041 23.57 1.94 1.013 0.017 7.01 10.56 9992.59 18841.11 1 

15 71 45640 0.478 0.030 23.66 1.82 1.025 0.014 4.16 4.23 6489.12 10091.28 1 

16 52 62906 0.450 0.056 23.22 4.45 1.084 0.039 12.12 19.04 22309.27 38500.74 1 

17 52 58341 0.490 0.040 23.51 2.00 1.015 0.013 11.02 15.37 13855.82 25817.41 1 

18 42 68791 0.473 0.071 23.73 2.94 1.022 0.015 23.53 26.01 37999.19 52900.25 3 

19 71 48316 0.466 0.055 24.02 1.59 1.012 0.010 6.01 10.77 6777.27 16122.49 1 

20 52 27252 0.498 0.077 23.32 2.52 1.020 0.015 16.49 19.29 22852.63 35789.26 1 

21 42 72889 0.456 0.073 23.22 3.47 1.029 0.019 39.64 23.23 65215.90 51140.19 3 

22 42 23030 0.478 0.032 23.76 2.28 1.005 0.010 38.32 17.69 59289.26 36624.68 3 

23 42 159183 0.343 0.051 23.32 3.96 1.017 0.017 38.94 22.66 63242.75 50716.30 3 

24 42 27912 0.378 0.031 22.30 3.27 1.016 0.019 21.14 18.47 28548.09 34928.18 3 

25 52 31802 0.353 0.038 22.55 2.59 1.009 0.017 8.90 8.70 8312.21 11425.16 2 

26 42 105654 0.390 0.029 22.84 2.30 1.008 0.016 7.00 6.99 6055.81 8795.58 2 

27 42 6335 0.400 0.014 22.64 1.03 1.004 0.007 2.13 3.55 1334.84 3606.07 1 

28 52 9045 0.579 0.016 24.15 3.58 1.058 0.024 5.50 10.96 6261.22 15291.73 1 

29 42 70176 0.537 0.044 24.01 2.84 1.037 0.029 6.34 12.09 7902.42 18583.90 1 

30 42 47571 0.395 0.044 23.41 3.39 1.016 0.019 11.89 13.35 13755.52 20642.89 2 

31 42 53530 0.472 0.049 23.22 4.14 1.036 0.033 20.87 24.60 33088.39 45362.09 1 

32 42 25018 0.425 0.007 22.65 1.11 1.001 0.004 14.86 15.03 18262.21 22094.65 2 

33 42 31906 0.418 0.015 23.63 3.85 1.021 0.020 9.36 14.56 11660.11 23128.72 1 

34 42 25027 0.409 0.014 22.37 2.25 1.003 0.014 4.38 5.24 3220.77 6196.15 2 

35 42 133539 0.500 0.030 23.88 5.45 1.106 0.028 14.80 19.44 21026.21 32392.10 1 

36 42 45897 0.480 0.050 24.06 5.87 1.099 0.035 30.32 22.44 46920.29 41973.13 3 

37 42 53928 0.405 0.084 22.59 5.78 1.081 0.041 25.48 19.45 36513.80 33984.80 3 

38 42 83237 0.401 0.054 23.76 4.14 1.041 0.034 31.85 23.73 50593.86 46479.19 3 

39 42 60599 0.505 0.043 22.88 6.19 1.108 0.036 24.31 21.93 36168.83 40813.26 3 

40 42 20114 0.534 0.028 23.32 6.59 1.108 0.020 20.82 23.43 31915.16 44101.77 1 

41 42 29433 0.521 0.036 23.25 6.63 1.123 0.025 14.88 18.81 20581.44 31712.53 1 

42 42 37955 0.575 0.039 24.12 5.62 1.093 0.035 9.70 15.55 12673.13 23807.58 1 

43 42 163176 0.506 0.051 23.30 5.57 1.101 0.033 12.79 20.19 20239.04 40944.64 1 

44 42 29424 0.449 0.061 25.12 5.82 1.096 0.018 34.54 27.91 58900.73 64073.70 3 

45 42 67736 0.414 0.102 22.79 6.17 1.073 0.038 22.68 17.55 30692.89 30070.41 3 

 
 
Table 2:  Summary of fireshed attributes for Shasta County, California. NLCD indicates the land cover type 
code from the National Land Cover Database, 2001.  Acres indicates the total number of acres in the fireshed.  
Fire probability values range between 0 and 1 and listed wind speed values are those expected under near-worst 
case scenarios. Surface flame length is listed in meters, surface fire line intensity is kW/m.  Low, medium and 
high crown fire activity are classified as 1, 2, and 3 respectively.   
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Fuel Classification System Intended Use Intended Scale 
Compatible Models/Systems 
(Customize fuel models?) Fuel elements characterized Mapped Data 

Fire Behavior Prediction 
System (in combination 
with canopy data) 

Surface and crown fire 
behavior prediction 

Site Specific BehavePlus (Yes), FlamMap 
(Yes), Farsite (Yes) 

Dead and down woody 
material up to 3" diam.  Live 
herbs and shrubs.   

Entire US (LANDFIRE), 
Various state, local, 
project-based maps 
(various mapping methods)  

National Fire Danger Rating 
System 

Surface fire danger 
prediction 

Broad  NFDRS (No), FEPS (YES) Dead and down woody 
material up to 8" diam.  Live 
herbs and shrubs.  

Entire US (WFAS) 

Vegetation cover -based 
classifications (in FOFEM) 

Fire effects and 
emissions prediction 

Site Specific FOFEM (Yes) All dead and down woody 
material.  Live herbs and 
shrubs.  Litter and Duff.  
Canopy foliage and 0-1/4" 
branch wood.  Rotten logs.   

Entire US (LANDFIRE) 

Fuel Characteristic 
Classification System 

Fire emissions 
prediction 

Site Specific FEPS (Yes), FOFEM(Yes), 
Consume (Yes) 

Trees (over-, mid-, and under-
story).  Class 1,2, and 3 snags.  
Primary and secondary shrub 
layers.  Primary and secondary 
herb layers.  All dead and 
down woody fuels (sound).  
Rotten woody fuels >3".   
Sound, rotten and pitchy 
stumps. Piles.  Litter. Lichen. 
Moss.  Upper and lower duff 
layers.  Basal accumulations.  
Squirrel middens. 

Western US (LANDFIRE) 

 
Table 3:  Summary of different fuel classification systems. 
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Project Total 

Preburn Loading (tons/acre) 
    60.08 

Canopy       22.46 

 
Trees (total) 

  
12.54 

  
Overstory trees 

 
8.28 

  
Midstory trees 

 
3.77 

  
Understory trees 

 
0.49 

 
Snags (total) 

  
8.95 

  
Class 1 snags with foliage 4.56 

  
Class 1 snags w/o foliage 0.03 

  
Class 2 snags (wood) 

 
3.38 

  
Class 3 snags (wood) 

 
0.98 

 
Ladder Fuels 

  
0.97 

Shrub       2.66 

 
Primary shrub layer 

 
2.39 

 
Secondary shrub layer 

 
0.27 

Nonwoody       0.20 

 
Primary nonwoody layer 

 
0.16 

 
Secondary nonwoody layer 

 
0.04 

Woody Fuels     16.67 

 
Sound woody (total) 

 
8.09 

  
0 to 1/4 inch 

 
0.48 

  
1/4 to 1 inch 

 
1.59 

  
1 to 3 inch 

  
1.80 

  
3 to 9 inch 

  
1.12 

  
9 to 20 inch 

 
2.10 

  
> 20 inch 

  
1.00 

 
Rotten wood 

  
8.01 

  
3 to 9 inch 

  
1.95 

  
9 to 20 inch 

 
2.72 

  
> 20 inch 

  
3.34 

 
Stumps (total) 

  
0.57 

  
Sound 

  
0.02 

  
Rotten 

  
0.55 

  
Lightered - pitchy 

 
0.01 

 
Piles 

   
0.00 

Litter-Lichen-Moss     1.93 

 
Litter 

   
1.91 

 
Lichen 

  
0.00 

 
Moss 

  
0.02 

Ground Fuels     16.17 

 
Duff (total) 

  
16.15 

  
Upper duff layer 

 
3.86 

  
Lower duff layer 

 
12.28 

 
Basal Accumulations 

 
0.02 

 
Squirrel middens 

 
0.00 

 
 
Table 4:  Summary of fuel loading (tons/acre) for forested areas in Shasta County, CA from 
Consume model simulation.  Note that the different entries represent the various fuel strata in 
FCCS fuel beds.   
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 Emissions (tons/acre) 

Pollutant Flaming Smoldering Residual Total 

PM 0.16 0.15 0.19 0.51 

PM10 0.1 0.12 0.15 0.37 

PM2.5 0.1 0.11 0.14 0.35 

CO 0.82 1.39 1.8 4.01 

CO2 24.58 11.09 14.24 49.91 

CH4 0.03 0.06 0.08 0.16 

NMHC 0.03 0.04 0.05 0.11 

 
 
Table 5:  Pollutant emissions (tons/acre) for forested areas in Shasta County, CA simulated in the 
Consume model under a very dry weather scenario.  PM is particulate matter.  PM10 and PM2.5 
are inhalable particulate matter less than 10 and 2.5 microns in size respectively.  CO and CO2 
are carbon monoxide and carbon dioxide respectively.  CH4 is methane.  NHMC is nonmethane 
hydrocarbon.    
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Kings River    Last Chance   
Pollutant - tons/acre   Pollutant - tons/acre  

 
Local 
Data 

LANDFIRE 
Data     % Difference  

Local 
Data 

LANDFIRE 
Data % Difference 

PM 0.18 0.20 11.1  PM 0.18 0.27 50.0 
PM10 0.10 0.11 10.0  PM10 0.10 0.15 50.0 
PM2.5 0.10 0.11 10.0  PM2.5 0.10 0.14 40.0 
CO 0.56 0.62 10.7  CO 0.56 0.82 46.4 
CO2 27.20 30.32 11.5  CO2 27.65 40.52 46.5 
CH4 0.03 0.04 33.3  CH4 0.03 0.05 66.7 
NMHC 0.03 0.04 33.3  NMHC 0.03 0.05 66.7 
         
Plumas-Lassen    Sagehen   
Pollutant - tons/acre   Pollutant - tons/acre  

 
Local 
Data 

LANDFIRE 
Data     % Difference  

Local 
Data 

LANDFIRE 
Data % Difference 

PM 0.10 0.25 150.0  PM 0.07 0.18 157.1 
PM10 0.05 0.14 180.0  PM10 0.04 0.11 175.0 
PM2.5 0.05 0.13 160.0  PM2.5 0.04 0.11 175.0 
CO 0.29 0.77 165.5  CO 0.29 0.81 179.3 
CO2 14.28 37.50 162.6  CO2 10.18 28.62 181.1 
CH4 0.02 0.05 150.0  CH4 0.01 0.03 200.0 
NMHC 0.02 0.04 100.0  NMHC 0.01 0.03 200.0 

 
 
Table 6:  Fire pollutant emissions (tons/acre) for four study sites in the Sierra Nevada mountains, 
California.  Emissions estimates are for flaming front and crown fire activity only, not ground 
fire or post-frontal combustion.  PM is particulate matter.  PM10 and PM2.5 are inhalable 
particulate matter less than 10 and 2.5 microns in size respectively.  CO and CO2 are carbon 
monoxide and carbon dioxide respectively.  CH4 is methane.  NHMC is nonmethane 
hydrocarbon.   Local data estimates are those made with locally collected, field-based data.  
LANDFIRE data estimates are those made using only the publicly available LANDFIRE data.  
.     
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Flame Length  Fireline Intensity  Crown Fire Activity 

Min 0.13  Min. 3.19  1 (Low) 28.25% 

Max 237.16  Max. 839885.25  2 (Med) 14.50% 

Mean 9.44  Mean 11714.52  3 (High) 57.25% 

St. Dev. 13.05  St. Dev. 22917.61    
 
 
Table 7:  Fire behavior characteristics for burnable wildland vegetation in Shasta County, CA.  
Crown Fire Activity Class is for forested vegetation only. 
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