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Fre models and methods to map fud types. The role of remote sensing
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ABSTRACT

Understanding fire is essential to improving forest management strategies. More specifically, an accurate
knowledge of the spatial distribution of fuels is critical when analyzing, modelling and predicting fire
behaviour. First, we review the main concepts and terminology associated with forest fuels and a number
of fuel type classifications. Second, we summarize the main techniques employed to map fud types
starting with the most traditional approaches, such as field work, aerial photo interpretation or ecological

Keywords. modelling. We pay special attention to more contemporary techniques, which involve the use of remote
Forest fuds

sensing systems. In general, remote sensing systems are low-priced, can be regularly updated and are less
Remote sensing time-consuming than traditional methods, but they are still facing important limitations. Recent work
Fud type nassnown that the integration of different sources of information and methods in a complementary way
Fud management helps to overcome most of these limitations. Further research is encouraged to develop novel and

enhanced remote sensing techniques.

Contents

1. Introduction .. .. .. .. .. .. .. .. ... ... o o o 1240
2. Fire models and fue type classmcatlons o o . o . 1240
2.1. Terminology. . . ... ... ... ... ... ... .. o o o o o - 1240

2.2.  Fire models and fud types cla$|f|catlons ......... o T T, o oo 1241
2.2.1.  Fire models in the United States . . . . . o o .. 1241

222. FremodelsinAustraia . ... ... .. ... .. ... .. ... ... o S0 1242

2.23. Fremodelsin Canada . .. ... .. e o 1243

224, FremodelsinEurope . ... . ... ... ... ... P o 1243

2.25.  Limitations of the fud type classzflcatlons ................................................. 1244

3. Traditional methods to map fud types .. . .. .. AU o AU B 1245
3.1. Feddsurveys . ... .. .. o o 1245

3.2.  Aerid photo interpretation .. ... ... ... .. . . e o . 1245

3.3.  Ecologica modelling .. .. .. o o 1246

4. Remote sensing methods to map fuel types ....... T P o B 1246
4.1, PassSiVe SENSOIS . . ... ... ... . e . L 1246

4.1.1. Medlum to low resolution multlspectral data . . 1247


https://core.ac.uk/display/148653161?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1

412. Vey high resolution multispectral data

413. Hyperspectral data ... ... .. .. ...

42. Adivesensors. . ... ... o
421 LDARsysems . ... ...

422. Microwavedata .. ...... ... ... .. ..

5. Combined methods to map fud types ... ... .. .. .

6. Condusons.................... ... .. ... ... ...

Acknowledgements . . ... ... .

References .. ... ... o

1. Introduction

The study of fire includes a broad spectrum of scientific
disciplines including forestry, ecology, atmospheric chemistry (gas
emissions), mechanical engineering (fire propagation patterns),
and geography (spatial analysis of fire occurrence), to namejust a
few examples. The scales at which fires are studied also vary
considerably, from global approaches where the goal is to better
understand their contribution to the CO, budget, to local scale
studies where fire suppression or fire behaviour analysis may be
the critical objective.

Wildland fires constitute a major environmental issue in a wide
range of world ecosystems. In some cases, they can become a
significant cause of land degradation (Maselli et al., 2000; Alloza
et a., 2006; Fernandez et a., 2007). As a response to this concern,
numerous studies have analyzed aspects related to fire behaviour, its
suppression and effects (Barrett, 1988; Fryer and Johnson, 1988).

For forest fire management, an accurate knowledge of the fue
conditions has been shown to be critical, since they constitute a
primary component of fire risk (Chuvieco et al., 2004). However,
fuel conditions are normally complicated and difficult to describe.
The fud complex is composed of many types (life woody, dead
woody and herbaceous) and sizes (1, 10, 100 and 1000 h) of fuels
(Keane et a., 2001). Considerable effort has been devoted to fud
characterization. Several fud type classifications have been
described and are currently employed by the different forest
management services around the world.

Knowledge of the spatial distribution of these fuel types is also
essential to developing management strategies. For example,
during prescribed burning, lookout towers can be more efficiently
placed when using accurate fud type maps which provide
information of fire danger conditions (Chuvieco et al., 1999).
Moreover, accurate fue type maps are a required input into
programs which simulate fire behaviour. Fuel maps can be used at
a variety of spatial and temporal scales. Fuel maps for strategic
planning at regional scales require fuel type maps of large areas,
while for loca fire management may require more detailed
procedures (Pausas and Valgo, 1999).

As early as the mid-1960s, some authors predicted that remote
sensors would revolutionize fud type mapping (Adams, 1965).
Since then, several remote sensing techniques have been devel-
oped towards that aim. Modern sensors have provided an even
broader range of remote sensed imagery and novel parameters to
analyse. Sensors can be classified as active, emitting their own
energy to register a result, or passive, limited to recovering the
electromagnetic energy originating from an external source such
as the sun or the earth. Passive sensors include a broad range of
systems generating many different image resolutions, qualities
and prices. Within the active sensors, radar (working with
compressed waves of length 0.1-1 m) has been traditionally used
for fud type mapping, while Light Detection and Ranging (LiDAR)
has been used more recently.

In this paper we examine the most commonly used fud
classifications and methods for generating fud maps. After
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reviewing some important definitions and the main fud classifica-
tion systems currently employed worldwide (second epigraph), we
examine how fud type maps can be obtained by traditional
approaches (epigraph three); by means of remote sensing analysis
(epigraph four) and by integrating different methods or sensors
(fifth epigraph), a new promising trend in fue mapping. We will
review the main advances achieved in this subject and the
principal drawbacks that need further development.

2. Fire models and fuel type classifications
2.1. Terminology

Imprecise use of certain terms regarding forest fuels often
causes confusion and misunderstanding. It is worthwhile to briefly
review the main ones. Fuels are defined in terms of the physical
characteristics of the live and dead biomass that contribute to the
spread, intensity and severity of wildland fire (Burgan et al., 1998;
Andrews and Queen, 2001). Examples include loading (weight per
unit area), size (particle diameter), and bulk density (weight per
unit volume).

Because it is difficult to describe all physical characteristics for
all fuels in an area, the description of those properties relevant to
fire danger estimation and fire propagation studies is based on
classification schemes, which summarize large groups of vegeta-
tion characteristics. These groups are usually called fuel types (Pyne
et a., 1996). More specifically, a fue type has been defined as "an
identifiable association of fud elements of distinctive species,
form, size arrangement, and continuity that will exhibit char-
acteristic fire behaviour under defined burning conditions"
(Merrill and Alexander, 1987).

We use the termfiremodel to mean mathematical relationships
that describe the potential characteristics of a fire. Fire models are
often informally referred to as fire behaviour models, fire effects
models, or smoke models. According to Andrews and Queen (2001)
fuel models are sets of parameters required by the associated fire
model. In other words, fire models are equations and fue models
are lists of numbers that describe the fud types as required by the
fire model. Thus, a fuel model is the numerical description of the
physical parameters that characterize each fud type. Fud types
may be similar in different ecosystems, but may have different fue
models associated with them (Chuvieco et al., 2003).

Fire models become especially useful to managers when they are
packaged into decision support systems (Andrews and Queen, 2001).
This packaging variesin accordance with fire management needs. For
example, the BEHAVE (Fire behavior prediction and fud modelling
system) (Andrews, 1986) and the FARSTE Fire area simulator
(FARSITE) (Finney, 1998) are decision support systems comprised of
essentially the same mathematical models (spread rate, intensity,
fud moisture, spotting distance). Users of BEHAVE interactively
provide input to produce tables and graphs, while users of FARSTE
supply Geographical Information Systems (GIS) data layers and
weather files to produce spatial maps of fire growth and intensity.



Tablel
NFDRS fud classification system, according to Cohen and Deeming (1982)

Fuel type Fuel model Fuel parameters
Fuel loadings (t/acre) Fuel depth (ft) Moisture of extinction
dead fuels (%9
Ih 10h 100 h 1000 h Wood Herb

Western grasses (annual) A 0.2 0.3 0.8 15
Western grasses (periannial) L 0.25 05 10 15
Sawgrass N 15 15 2.0 3.0 25
Pine-grass savanna C 04 10 05 0.8 0.75 10
Southern rough D 20 10 3.0 0.75 20 30
Sagebrush-grass T 10 0.5 25 05 125 15
California chaparral B 35 4.0 05 115 45 15
Intermediate brush F 25 2.0 15 9.0 45 15
Hardwood litter (winter) E 15 0.5 0.25 05 05 04 25
Southern pine plantation P 10 10 05 05 05 04 30
Hardwood litter (summer) R 0.5 0.5 05 05 05 0.25 25
Western pines U 15 15 10 0.5 0.5 05 20
Heavy slash | 12.0 12.0 10.0 12.0 2.0 25
Intermediate slash J 7.0 7.0 6.0 55 13 25
Light slash K 25 25 20 25 0.6 25
High pocosin 0 20 3.0 3.0 20 7.0 4.0 30
Tundra S 05 05 0.5 05 0.5 0.5 0.4 25
Short-needle conifer (normal dead) H 15 10 20 20 05 05 0.3 20
Short-needle conifer (heavy dead) G 25 20 5.0 12.0 05 05 10 25
Alaskan black spruce Q 20 25 20 10 4.0 05 3.0 25

2.2. Fire models and fuel types classifications

2.2.1. Fire models in the United Sates

One of the most widely used fire models is Rothermel's (1972),
which simulates fire spread in surface fuels. It was developed as a
result of a 1968 plan for a complete fire danger rating system. The
results were Rothermel's fire spread model and the National Fire
Danger Rating System (NFDRS) (Deeming et al., 1972). This model
is the basis for many decision support systems in North America,
including the NFDRS BEHAVE, FARSTE and the Nationa Fire
Management Analysis System (NFMAS) for economic planning
(Lundgren et d., 1995).

The NFDRS (Deeming et al., 1972, 1977) constitutes a broad
scale fire danger system. It is basically a seasonal weather system,
which depends upon an ordered set of weather records to establish
conditions of the day. These weather conditions along with the

NFDRS fud models are used to represent the day-to-day and
seasonal trends in fire danger or fire potential for large areas.
NFDRS devel opers agreed that a highly sophisticated description of
fuels for NFDRS was not necessary because there is more variability
in a rating area than could be accounted for. There were originally
nine fire fue types (Deeming et a., 1972), that were expanded to
20 in 1978 (Deeming et a., 1977). A detailed description of the
evolution of this fire danger system can be found at Hardy and
Hardy (2007). Table 1 showsthe NFDRS fud types. This fire danger
system considers two mayor groups of fue moisture models: live
and dead. The live fuels are further classified into herbaceous and
woody shrub. The 1-, 10-, 100-, and 1000-h time-lag classes
represent the dead fuels (Cohen and Deeming, 1982).

In the context of local scale fire behaviour, the BEHAVE system
uses a different fud type classification, known as the NFL
(Northern Forest Fire Laboratory) or Behave fud types (Albini,

Table 2
NFAL fud classification system (from Andrews, 1986)
Fuel type Fuel model Fuel Jparameters
Fuel]loadings (t/ha) Fuel depth (ft) Moisture of extinction
dead fuels (%9
I'h 10h 100 h Life
Grass and grass-dominated
Short grass (30 cm) 1 0.74 10 12
Timber 2 2.00 1.00 0.50 0.50 10 15
Tall grass (76 cm) 3 3.01 25 25
Chaparral and shrub fields 5.01
Chaparral (18 cm) 4 5.01 4.01 2.00 2.00 6.0 20
Brush (61 cm) 5 1.00 0.50 2.0 20
Dormant brush, hardwood slash 6 150 2.50 2.00 0.37 25 25
Southern rough 7 113 187 150 25 40
Timber litter
Closed timber litter 8 150 1.00 2.50 0.2 30
Hardwood litter 9 2.92 0.41 0.15 0.2 25
Timber (litter and understory) 10 3.01 2.00 5.01 2.00 10 25
Slash
Light logging slash 11 150 451 5.51 10 15
Medium logging slash 12 4.01 14.03 16.53 23 20
Heavy jogging slash 13 7.01 23.04 28.05 3.0 25




1976; Burgan and Rothermel, 1984). The authors distinguished 13
fuel types based on the primary nature of the surface fud (Table 2).
These fud models are divided into four vegetation groups:
herbaceous fuds (fuel types 1-3); shrubs (fud types 4-6); dead
leaves under forest canopy (fud types 8-10); and slash residues
and basal accumulation material (fuel types 11-13). In addition to
these 13 standard fud types, managers have the option of
developing custom fud types. This classification strategy has
been widely used in fire propagation studies across many different
ecosystems.

FARSTE Fire Area Simulator employs the same NFL fud types
developed for the BEHAVE system. This decision support system,
developed by Finney (1998), includes models for crown fire
behaviour as well as surface fued models. It therefore requires
specific information of crown fuel parameters such as percentage
canopy cover, canopy height, crown base height and crown bulk
density. One of the advantages of the FARSTE system is its spatial
scope. The models are integrated using a vector propagation
technique for fire perimeter expansion that controls both space
and time resolution of fire growth over the landscape. Thus, the
system produces vector fire perimeters (polygons) at specified
time intervals (Finney, 2004). All input layers are geographical
variables and are therefore easily linked to GIS and remote sensing.

A newer fue classification system in the Unites States is the
Fuel Characteristics Classification System (FCCS), which enables
the user to create and catalogue fuelbeds and to classify them
according to their capacity to support fire and consume fuds
(Sandberg et a., 2001; Ottmar et a., 2007). The FCCS defines a
fuelbed as a relatively homogeneous unit on the landscape,
representing a unique combustion environment (Ottmar et a.,
2007). The model stratifies fuelbeds into six horizontal fuelbed
strata. Each fuelbed stratum (tree canopy, shrub, low vegetation,
woody fud, litter fue and ground fudl) is divided into two or more
categories, which show common combustion characteristics. The
system allows the creation and modification of these spatial data

layers, inferring quantitative fud characteristics (physical, che-
mical and structural properties) and probable fire parameters
specific to each described fuelbed. In addition, the system provides
the NFHL and NFDRS fud assignment, what makes the conceptual
framework applicable worldwide (Ottmar et a., 2007).

2.2.2. Eiremodelsin Australia

There are several decision support systems used in Australia by
the various states and private land management agencies and the
coordinating rural fire authorities. The most widely used are the
McArthur Forest Fire Danger Rating System and McArthur Grass-
land Fire Danger Rating System, which were devised by Alan
McArthur in the 1960s (McArthur, 1966, 1967). Based on the
meters used in the USA in the 1950s, he developed two meters for
estimating fire danger in grassland and forest vegetation types
(shown in Fg. 1). The indices are indicative of probability of
ignition, the expected spread rate and the difficulty of contain-
ment, and they are dependent on temperature, relative humidity
and wind speed. They describe the relative danger from day-to-day
and are used to give an indication of fire danger over a large area.
Although they were originally in the form of tables or meters, these
models have been transformed into equations to enable computer
prediction of danger rating and fire behaviour (Noble, 1980;
Sirakoff, 1985).

A more systematic but similar approach is used in Western
Australia. Here, the result of years of fire behaviour experience has
been condensed into the Forest Fire Behaviour Tables (Sneeuwjagt
and Pee, 1985). In this case there are again two fue types for which
fire danger indices are calculated: the northern jarrah dry
sclerophyll forest, dominated by Eucalyptus marginata and the
southern karri wet sclerophyll forest, dominated by Eucalyptus
diversicolor.

Both Australian fire models were developed by correlating fire
behaviour from experimental fires and opportunistic observation
of wildfires with fud and weather parameters (Cheney and Gould,
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Table 3
FBP system fud types (from Forestry Canada, 1992)

Group Identifier Fuel type description

Coniferous

Spruce-lichen woodland

Borea spruce

Mature jack or lodgepole pine
Immature jack or lodgepole pine
Red and white pine

Conifer plantation

Ponderosa pine-Douglas-fir

]
LOOTAWN

Deciduous

Leafless aspen

Mixedwood Boreal mixedwood—Ieafless
Borea mixedwood—green
Dead balsam fir mixedwood—Ieafless

Dead balsam fir mixedwood—green

T 0O 0000000
PSR

Slash

Jack or lodgepole pine slash
White spruce-balsam slash
Coastal cedar-hemlock-Douglas-fir slash

e nwun
wN

'
[y

Open Grass

1996). In both cases, the models only apply to only two fuel types.
For other fuels new models have to be developed, as was the case
for widespread buttongrass moorland vegetation in Tasmania (see
Marsden-Smedley and Catchpole, 1995a,b, 2001; Marsden-Smed-
leyetal., 2001).

2.2.3. Fire models in Canada

The decision support systems in Canada were also developed
from experimental fires and wildfires, but apply to all vegetation and
are quite more complex than the Australian ones. The current form

» 60% Bushes

= 60% Grass

1 < 50% Trees [»4m]

Fuel Type 1 Bush Mean Height:
Fuel Type 2
5 L | 0.6m
Py |
. Fuel Type 3
2.0m
4
3
2
4.0m Fuel Type 4
1
0

of the Canadian Forest Fire Danger Rating System (CFFDRS) is made
up of two major subsystems that have been used throughout Canada
for a number of years: the Canadian Fire Weather Index (FWI)
System (van Wagner and Pickett, 1985; van Wagner, 1987) and the
Canadian Fire Behaviour Prediction (FBP) System (Forestry Canada,
1992). The FBP system is based on simple mathematical models and
they are partly based on physical and experimental models. Fire
behaviour models for spread rate and fuel consumption in this
system were derived from a database of over 400 experimental, wild
and prescribed fire observations. The system organizes fuels into five
major groups (coniferous, deciduous, mixedwood, slash and open),
with a total number of 16 discrete fuel types (Lawson et al., 1985).
These fuel types are used to describe fire behaviour characteristics
that would be expected under various burning conditions. Fuel types
in the FBP system are described qualitatively, using stand structure
and composition, surface and ladder fuels, and the specific forest
floor cover and organic (duff) layer present. The mayor FBP fuel types
are summarized in Table 3.

2.24. Fire models in Europe

European researchers developed a new fuel classification
system called Prometheus, which simplifies and adapts the NFFL
classification to Mediterranean conditions. This fuel classification
system is intended to be better adapted to fuels found in
Mediterranean ecosystems. The main criterion of classification
in this system is the type and height of the propagation element
divided into three major groups: grass, shrubs or ground litter. Fuel
types are therefore described according to the spatial distribution
of these three major groups. Fire behaviour is then modelled by
taking into account fuel height and density (Riano et al., 2002). This
classification system comprises seven fuel types (Fig. 2).
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Fig. 2. FROMETHBEUS fud types (Arroyo et d., 2006).



Table4
Properties of the main fud classfication systems

Fuel classification system Number of fuel types

Decision support system\fire model

Country of application System description

NFDRS fuel types 20 NFDRS/Rothermel's fire spread model USA Broad scale fire danger system
NFL fuel types 132 BEHAVE and FARSTE USA BEHAVE: Locd scale fire behaviour
Rothermel's fire spread model FARSITE: Incorporates crown fire behaviour
FCCS 216° Fire behaviour models USA Conceptual framework for constructing fuel
classifications
Fire effects models
McArthur fuel types 3 McArthur Fire Danger Rating System Australia Meters for estimating fire danger on
(forest and grassland systems) a day-to-day base
FBP fud types 16 Canadian FBP System Canada To describe fire behaviour
Developed form experimental fires
and wildfires
Prometheus fuel types 7 Rothermel's fire spread model Europe’ Based on the NFHL

Adapted to Mediterranean conditions

& Option of developing custom fud types.
® New fuelbeds added periodically.
¢ Mediterranean countries.

Other European countries with different weather conditions have
also developed their own fue classification system. For instance, in
the case of Switzerland, Harvey et al. (1997) applied an adapted
version of the US Forest Service method for developing surface fud
models (Brown et a., 1982) to the Swiss Alps. Six fuel models were
derived, mapped and run in Rothermel's fire spread model. Other fire
danger rating systems have been developed for the United Kingdom
and Portugal (Fernandes et d., 2006; Kitchen et a., 2006).

2.2.5. Limitations of thefuel type classifications
As can be seen from the previous sections several fud type
classifications have been developed around the world (Table 4

Table5

summarizes their characteristics). However, fuels are not easy to
classify. They are structurally complex and vary widely in their
physical attributes, their fire behaviour and effects, aswell asin the
options they present for fire control and use. Several authors (for
example, Scott, 1999; Keaneet a., 2001; Sandbergetal., 2001; Hal
and Burke, 2006) have pointed out the limitations of the different
fud models. Here, we summarize the main ones.

2.2.5.1. Fuel models are site-specific. Each fud type classification is
only applicable for similar geographic locations and cannot be used
for other environments. Moreover, when foreign systems have
been adopted for different locations the results have been poor.

Physica description similarity chart of NDRS and NFHL fud models (from Anderson, 1982)
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Fogarty et al. (1998), for example, discuss the problems of adopting
the Canadian system for New Zealand.

2.25.2. Limited applicability. A fud classification can only be
applied for the specific aims that were considered during its
development. Because fud classifications are designed for specific
software applications, they only include the portion of the fud
component required by the program they were designed to support.
Most fire behaviour fue models are limited to the prediction of fire
behaviour and they do not quantify the fuel characteristics needed
for other applications (Keane et a., 2001). Moreover, although they
may work well for predicting the rate of spread and the intensity of
natural fires during the peak fire season, they are deficient for other
purposes, such as predicting the behaviour of prescribed fires or the
transition to crown (Scott and Burgan, 2005). Also, most fuel models
are not particularly useful for predicting fire effects that are
dependent on fire residence time, such as soil or cambium heating,
or effects on the atmosphere, such as air pollutant or carbon release,
that depend on biomass consumption (Sandberg et al., 2001).

2.2.5.3. Confusion between different classification systems. The fact
that there are 20 standard NFDRS fuel models as well as 13
standard fire behaviour models (NFFL) in the USA has caused
confusion (Andrews, 1986). Both systems are based on Rothermel's
fire spread model, but the development and application of these
systems are different. Therefore, the sets of numbers that represent
the fuels for each set of equations (i.e. the fud models) are
necessarily different. Anderson (1982) presented a "Physica
Description of Similarity Chart of NFDRS and BEHAVE fire
behaviour fud models" giving a correspondence between the 20
NFDRS fud models and the 13 NFAL fire behaviour fue models
(Table 5). Asindicated by thetitle of the chart, this correlation was
primarily based on a physical description of the fuels and must be
considered with care. In addition, when the two sets of fud models
were later correlated by ranking the rate of spread to intensity,
different values were obtained (Andrews, 1986). The great variety
of fuel, weather and site conditions that exists in the fiedd means
that the user should take these factors into consideration and
adjust his predictions accordingly (Anderson, 1982).

2.2.5.4. Difficult to map. Although fuel maps are essential to fire
management at many spatial and temporal scales, mapping them
is difficult and costly (Keane et a., 2001; Rallins et al., 2004). The
high fud variability across time and space is probably the main
condition that confounds an accurate fue mapping, although there
are other factors that limit the ability to map fuel types. The main
ones will be discussed in the next sections, which concentrate on
the methods used to map fud types. A more detailed description of
the reasons why mapping fuels is challenging can be found in
Keane et a. (2001).

3. Traditional methods to map fuel types

As previously discussed, fud types are in general difficult to
assess and map. Therefore, selecting an appropriate mapping
method is as important as employing an adequate fuel classifica-
tion scheme. Different scales and objectives may lead to different
combinations of classification schemes and methods. The follow-
ing two sections focus on the mapping methods that have been
developed and employed for this purpose.

3.1. Field surveys

Historically, the first efforts in mapping fuel types were based
on field surveys. Fidd reconnaissance involves traversing a

landscape on the ground and recording the extent of similar fuel
conditions in notebooks or on paper maps. Remarkably, Hornby
(1935) mapped more than 6 million ha in the northern Rocky
Mountains using over 90 workers who walked, rode, or drove
through national forest lands and described fuel conditions by
colouring polygons on maps. The fud types were classified as a
function of the rate of spread and resistance to control. Hornby's
work stands out because of its enormous scope and human
effort.

The difficulty of conducting a ground survey is aso evident in
the work carried out by Show and Kotok (1929), who dedicated 10
years of fidd work to obtain an 8-class vegetation map covering
6108 ha in Northern Cdifornia (USA). In addition, the authors
admitted that their work was not concluded. Considering that fuel
type maps should be updated periodically, this task becomes very
problematic to accomplish in this fashion. More recently, fud has
been mapped through extensive field inventory with sampling and
statistical inference (Miller et a., 2003). Although these techniques
were successful, the amount of time and money required render
their implementation impractical for many land managers
(Falkowski et d., 2005).

The principal advantage of field surveysisthat the researcher is
in physical contact with the fuel and therefore fuels are mapped
from actual conditions observed on the ground. Mapping error is
limited to erroneous fuel type assessments or improper stand
delineations on paper maps. Due to the complexity of vegetation
characteristics, discrimination of a fud type at a detailed level
requires a great field effort. Consequently, field surveys are till
indispensable for fud type mapping either as the basic source of
data or for assessment of products generated at a lower level of
detail or to parameterise each fuel type. This approach is also
recommended to create field reference datasets (i.e. ground-
truth) to validate maps created from remotely sensed data
products.

3.2. Aerial photo interpretation

The limitations of fieldwork in terms of spatial coverage and
cost led to the development of other methods for operational fuel
type mapping. The growing use of aerial photography for natural
resource mapping during the 1940s and 1950s provided a good
alternative to fied surveys. Lee (1941) was among the first to
propose the use of photo interpretation techniques to discriminate
fue types in aerial photography, although he also pointed out
some limitations, such as confusion caused by illumination
differences.

Natural-colour photography was later introduced to improve
vegetation mapping (Lund, 1969) providing more accurate
discrimination of species composition and cover type (Scott
et a., 2002). Infrared-colour photographs have also been used as
they provide relevant spectral information for the discrimination
of fud types. For example, Bertolette and Spotskey (1999) used
photo interpretation of infrared-colour aerial photographs com-
bined with extensive fieldwork to produce a detailed inventory of
fuel properties such as canopy cover, tree height, crown base
height and crown bulk density, that are required for the new 3D
fire simulation models (Scott, 1999).

Because it is a reliable approach, aerial photo interpretation has
become one of the most commonly used techniques for mapping
vegetation and fud types. Even though it is more time-consuming
than newer approaches, aerial photo interpretation is a good
compromise between costs and precision, particularly when
working at fine scales. As a consequence, it is currently widely
employed by governmental agencies and forest managers (James
et a., 2007).
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Expensive, time-conswiming; it requires
Comiplicated data processing; restrictive
area coverage; higher cost per area unit
than other sensors

Do not allow Lo see underneath the
expertise and specific software

canopy; limited spatial resolution

Disadvantages

Detailed information; adequate

Easy access and reasonable cost
for wild urban interface

Adapted to fuel features;

Advdantages

multi-temporal imagery, ancillary

Supervised classification of
data and texture

Object based classification;
maximum likelihood
Spectral mixture analysis;
supervised classifications

Methodological approach
classification

Advantages—disadvantages, techniques and accuracies of different remote sensing data applied to Tuel mapping

Landsat, SPOT, ASTER
QuickBird, IKONOS
AVIRIS, Hyperion,

Table 6
Sensor

3.3. Ecological modelling

The modelling approach uses environmental gradients and
biophysical modelling to create fued maps. Environmental gra-
dients are biogeochemical phenomena, such as climate and
topography, that directly influence vegetation and fue dynamics.
Biophysical modelling uses ecosystem dynamic models to quantify
these gradients across a landscape (Keane et al., 2001). At a
minimum, the environmental data should include the biophysical
setting (e.g. potential vegetation type), species composition (e.g.
cover type), and vertical stand structure (e.g. structural stage)
(Keaneet al., 1998). Fuel models arethen assigned to combinations
of the environmental variables using field data and expert opinion.

The value of this approach is that gradients provide an
ecological context in which to understand, explore, and predict
fuel dynamics. Low fud loading in a stand, for example, may be
explained by low precipitation, high evapotranspiration, and
shallow soils. One problem is that biophysical gradients do not
provide a complete description of existing biotic conditions, so an
alternative approach is often needed to spatially portray vegeta-
tion-based gradients. Another disadvantage is that ecological
modelling requires abundant field data, complex ecosystems
models and intensive statistical analysis. On the other hand, once a
gradient framework is established, it can be used for other
locations.

al. (2007), Mutlu et al. (2008) and Varga and Asner (2008)

Falkowski et al. (2005), Poulos et al. (2007), Riafio et

and Keramitsoglou et al. (2008)

Skowronski et al. (2007)

0.60-0.80 Marsdorf et al. (2004), Riafio et al. (2004) and
Saatchi et al. (2007)

0.7-0.85
0.9

4. Remote sensing methods to map fuel types

Remote sensing offers a wide range of different sensors and
algorithms that can assist fued mapping. In this section we present
the different approaches adopted in remote sensing to map fue
types, grouped according to the kind of sensor employed. Table 6
summarizes the advantages and limitations of each method, as
well as the levels of accuracy obtained for each case. Many of the
challenges and difficulties highlighted by Keane et a. (2001) are
still present (e.g. the inherent complexity of fud types and their
high variability across space and time). Nevertheless, the recent
incorporation of new sensors and improved algorithms show
promising advances and increased levels of accuracy.

Uncertainty in the estimation greater
than 5 m (satellites) or 1 m (airborne).
Insensitive to high biomass levels; not

drea coverage; higher cost per area unit
operative on steep slopes

Complicated data processing; restrictive
than other sensors

Expertise in different technigues

4.1. Passive sensors

Fuel type mapping from multispectral remote sensed data has
been attempted by several authors. Most commonly, these studies
have been based on medium-resol ution sensors, such as SPOT-HRV
(Systeme Pour I'Observation de laTerre - Haute Resolution Visible),
Landsat MSS (Multispectral Scanner) orTM (Thematic Mapper) (De
Wulf et al., 1990; Sdas and Chuvieco, 1995; Castro and Chuvieco,
1998; Masdli et al., 2000; van Wagtendonk and Root, 2003). In the
last years, the development of new sensors with higher resolutions
has also alowed the study of forest fuels at smaller scales
(Giakoumakis et a., 2002; Arroyo et al., 2005, 2006; Gitas et a.,
2006; Lasaponara and Lanorte, 2007a).

The most important limitation of these optical images (i.e.
Landsat, SPOT, IKONOCS etc.) is their inability to penetrate forest
canopies (Keane et a., 2001). These sensors are usually unable to
detect surface fuels where more than two canopies are present.
Furthermore, when sensors are able to view the ground, as in
stands with open crowns, it is difficult to distinguish between
surface fuel sizes and categories using standard image processing
techniques (Keane et a., 2001; Rallins et a., 2004). Additionally,
reflectance is not directly related to vegetation height, which is a
critical variable to discriminate fud types. All these limitations
have led to the development of alternative procedures and
systems, which include the integration of gradient modelling

Lower cost than manual inventory;

direct height measurements;
information of subcanopy structures

biophysical components mapping;
better adapted to temporal changes
assessment of fire fuel condition

Integration of information; rapid
al large scale

Cheaper to acquire allows
large areas to be analysed

rical algorithms

aver SAR imagery to estinmate

biomass distribution and fuel

load parameters.
LiDAR + hyperspectral data

LiDAR + multispectral data;

profiles; development of
ASTER + gradient modelling;

Regression analysis; tree
algorithms

segmentdtion; vertical

DAIST915, Hymap
simall footprint Laser
Scanner Systems)

LiDAR (various airborne
Combined methods

RADAR



and remote sensing; the combination of more than one sensor and/
or the use of newer sensors, such as LIDAR, or very high resolution

(VHR) imagery.

4.2.2. Medium to low resolution multispectral data

Most medium to low resolution multispectral approaches
characterize surface fuds by classifying an image into vegetation
categories and then assigning fuel characteristics to each category.
For example, the pioneering work of Kourtz (1977) introduced the
main techniques of digital fud type classification using satellite
remote sensing images (Landsat-MSS): supervised classification
(maximum likelihood), unsupervised classification, and principal
components. He obtained nine fud type classeswithin his study area
located northwest of Ottawa (Quebec, Canada). He employed multi-
temporal images to take advantage of the temporal variability
among fue types (Chuvieco et d., 2003). Fud types were also
assigned to vegetation categories applying maximum likelihood
decision rules to Landsat MSS data across Wood Buffdo National
Park, Canada (Wilson et d., 1994). Chuvieco and Congalton (1989),
Chuvieco and Sdas (1996) and Castro and Chuvieco (1998)
characterized fud types through the classification of Landsat TM
and SPOT datain Spainand Chile. The accuracies obtained from these
studies ranged from 65% to 80% (Chuvieco et a., 1999).

Alternative approaches have also been developed. In California,
chaparral shrub fud characteristics were classified based on the
tasseled cap transformation of Landsat TM multispectral data
(Cohen, 1989). van Wagtendonk and Root (2003) implemented an
unsupervised classification algorithm to define 30 unique spec-
tral-temporal classes of Normalised Difference Vegetation Index
(NDVI) values. Later, a combination of graphical, statistical and
visual techniques allowed the characterization of the 30 classes
and identified those that responded similarly and could be
combined into fud models for Yosemite National Park, USA. The
accuracy reported by these authors is 65%. The combined use of
Landsat data with ancillary data (i.e. NDVI, slope, texture,
illumination) improved the accuracy of discriminating some fue
typesup to 85.9% (Riano et a., 2002; Francesetti et d., 2006). These
results reveal the convenience of integrating different sources of
information for fued mapping.

Other efforts have concentrated on coarse spatial resolution
sensors, such as NOAA-AVHRR (National Oceanographic and
Atmospheric Administration-Advanced Very High Resolution
Radiometer) images (McGinnis and Tarpley, 1985; Maselli et a.,
2003). The main advantage of this sensor is the possibility of
updating the information on adaily basis. However, the low spatial
resolution of the sensor (closeto 1 km at nadir) limits its utility to
regional and global scales.

More recently, advanced spaceborne thermal emission and
reflection radiometer (ASTER) imagery has proved useful for the
characterization and mapping of fud types and fire risk at finer
scales, showing overall accuracies of more than 90% (Guang-xiong
et d., 2007; Lasaponara and Lanorte, 2007D).

Table7

Characterigtics of some hyperspectral sensors commonly used in forest fud mapping

4.2.2. Very high resolution multispectral data

Newer sensors, such as QuickBird and IKONOS, have eventual ly
provided sub-meter spatial resolutions. These sensors have been
widely applied in vegetation characterization (Wang et ., 2004;
Hyde et al., 2006; Kayitakire et a., 2006; van Caillie et al., 2007;
Mallinis et a., 2008) and they may well become avaluable input
for the development of local fuel management plans, particularly
for the urban-wildland interface, where the risk to life and
property is acute (Andrews and Queen, 2001). However, fire
researchers have not paid adequate attention to the potential
benefits of using VHR satellite data to map fue types and
properties (Lasaponara and Lanorte, 2007a) and very few works
have focused on this source of information for forest fue
characterization.

When this imagery became available, several authors reported
a singular behaviour (Blaschke and Strobl, 2001; Sawaya et d.,
2003; van der Sande et a., 2003). The high spatial resolution
increases the spectral within-field variability, in contrast to the
integration effect of earlier sensors, and the traditional pixel-based
methods were hampered by this higher variability (Puissant et al.,
2005). To overcome this limitation, an object-oriented approach
can be used. In this approach, pixels are aggregated before
classification, not after. It creates regions as carriers of features,
such as form, texture, context, and spectral information that are
then introduced in the classification stage. Classfication is then
performed on groups of pixels ("objects'), rather than on single
pixels. Hence, the feature space can be extended to spectral as well
as non-spectral features, which contributes to improved distinc-
tion between defined object classes.

In the Mediterranean basin, Giakoumakis et al. (2002) and Gitas
et al. (2006) employed this technique to map the Prometheus fuels
types using IKONOS and QuickBird imagery, respectively. Their
overall accuracy reached up to 75%. Similar precision was reported
by Lasaponara and Lanorte (2007a) when they applied a maximum
likelihood algorithm over VHR QuickBird image in the South of
Italy. Arroyo et al. (2006) implemented an object-oriented
approach to map forest fuds in central Spain. These authors
developed a multi-scale segmentation approach with a hierarch-
ica three-level network of image objects. Objects were classified
using a nearest neighbour classifier and context information
(objects of one level informed the classification of other-level
objects). They reported an overall accuracy of 81.5%. Findly,
similar precision was reported by Lasaponara and Lanorte (2007b)
when they applied a maximum likelihood algorithm over VHR
QuickBird image in the South of Italy.

Even though very few papers have been published in relation to
VHR imagery and fud mapping, the levels of accuracy attained
thus far are comparable to those reported for medium-resolution
sensors (Table 6). This fact reveals the potential of using VHR
imagery for forest fue mapping, an option that has not been
explored in depth yet. Promising results were also obtained when
VHR data were combined with LIDAR information (Mutlu et a.,

Sensor Platform Spatial Spectral No. of bands, wavelengths Estimated parameters Accuracy Reference
resolution (m)  resolution (nm)
MIVIS Airborne 4 20-50 102 bands (433-12,700 nm)  Vegetation typology 0.9 Lasaponara and Lanorte (2006)
AVIRIS Airborne 4-20 10 224 bands (370-2510 nm) Foliar biochemistry 0.4-0.77 Jia et al. (2006a) and Roberts
etal. (1998)
Fuel moisture 0.79
DAIS7915  Airborne 5 40 79 bands (500-13,000 nm) LAI; % vegetation cover  0.72-0.78 Kotz et a. (2004)
Hyperion EOI Satellite 30 10 242 bands (357-2576 nm) Vegetation type; 0.93 Keramitsoglou et al. (2008)

vegetation density




2008), indicating that the integration of different sensors may
further improve fue discrimination.

4.2.3. Hyperspectral data

Hyperspectral remote sensing systems, which measure
reflected or emitted electromagnetic radiation over a large number
of contiguous spectral bands, have been shown to be useful for the
spectral and spatial discrimination of fire-related vegetation
attributes such as green canopy closure, vegetation moisture,
ratio dead to live plant materials and distribution of bare ground
(Roberts et al., 2003; Ustin et al., 2004; Jia et al., 2006a). Spectral
Mixture Analysis (SMA) is the base of most hyperspectral data
analysis techniques. The SMA approach assumes that the spectrum
measured by a sensor is a linear combination of the spectra of all
components within the pixel, called endmembers (Adams et d.,
1995; Roberts et a., 1998). Generally, reference endmembers are
acquired by fied or laboratory measurements with portable
spectrometers or derived from spectral libraries. The main
characteristics of the hyperspectral sensors applied in these
studies are presented in Table 7.

Roberts et al. (1997) pioneered the spectral characterization
of fuel condition (relative proportion of live to dead or senescent
fuel) using a temporal sequence of airborne visible/infrared
imaging spectrometer (AVIRIS) imagery (with 224 bands).
AVIRIS data were also used for mapping chaparral fuels in
California, implementing multiple-endmember-spectral mixture
analysis (MESMA), an alternative to the SMA technique that
allows types and number of endmembers to vary on a per pixel
basis (Roberts et al., 1998). More recently, Jia et al. (2006a)
implemented several SMA techniques with AVIRIS data for
mapping three major forest components (photosynthetic vege-
tation (PV), non-photosynthetic vegetation (NPV) and bare soil)
and fue types in montane coniferous forests in the Colorado
Front Range (USA). In addition, Jia et al. (2006b) combined field
spectroscopy and airborne hyperspectral AVIRIS data to dis-
criminate forest cover of two conifers, ponderosa pine (Pinus
ponderosa) and Douglas-fir (Pseudotsuga menziesii), a distinction
which allows the prediction of fire spread in the Rocky
Mountains (Colorado, USA). AVIRIS data have aso been
employed for other fire-related applications, such as mapping
fire temperature and land cover in wildland fires (Dennison
et a., 2006). Other airborne hyperspectral sensor (Digita
Airborne Imaging Spectrometer: DAIS7915, see Table 7) data
have been processed to estimate fuel parameters and foliage
water content of coniferous canopy in the Alps (Kotz et a.,
2004). The highest accuracy levels (90%) have been obtained
from MIVIS (Multispectral Infrared Visible Imaging Spectro-
meter) (Lasaponara and Lanorte, 2006). Other alternatives, such
as the use of AVIRIS-derived canopy water content for fue
mapping, have not been directly used, but they could be applied
(Cheng et a., 2006).

The main disadvantage of the airborne hyperspectral sensors
(eg. AVIRIS MIVIS) is the reduced spatial coverage that they
provide. In this sense, satellite-based hyperspectral sensors offer a
more promising alternative, allowing more consistent and
economic monitoring than the airborne sensors (Table 7). This is
the case of Hyperion, which has been successfully used to map
forest types and densities for fud models mapping and fire risk
assessment. Keramitsoglou et al. (2008) reported an overall
accuracy up to 93% and 84% for Hyperion and ASTER data,
respectively. On the other hand, comparison between two fud
maps derived from AVIRIS and Hyperion imagery revealed a
similar distribution pattern for both hyperspectral sensors, but
better precision was obtained for AVIRIS (overall accuracies of 79%
versus 50%) (Roberts et d., 2003).

4.2. Active sensors

4.2.1. LiDAR systems

LIDAR technology is becoming an effective alternative for
overcoming the two main difficulties encountered when mapping
fuels from passive optical data: it can be used to estimate fue
heights, which is critical both in fuel loads assessment and fuel
types discrimination; and it provides information of surface fuels
when they are covered by the forest canopy (Keane et al., 2001;
Chuvieco and Kasischke, 2007). LIDAR data have a so been used for
obtaining other parameters used in fire behaviour modelling, such
as canopy based height and crown bulk density.

Some fuel characteristics can be directly derived from the
LIDAR data (Dubayah and Drake, 2000). Canopy height, used to
define several fud types, can be estimated from small footprint
LIDAR systems (see Lefsky et al., 2002; Chuvieco et a., 2003 for
system description) after filtering the raw data to separate
ground and canopy hits (Suarez et a., 2005; Hyyppaet a., 2008).
A digital canopy model (DCM) can be retrieved by interpolating
and subtracting a digital terrain model (DTM) (obtained from the
ground hits) from a digital surface model (DSM) (obtained from
the canopy hits). The percentage tree cover, also employed in
several fud type classifications, is usually obtained by dividing
the sums of canopy and ground reflections. The sum of canopy
reflections is the sum of the pulses classified as vegetation and
the sum of ground reflections is the sum of pulses classified as
ground multiplied by a correction factor for the canopy
attenuation. Generally the greater the canopy cover is, the
lower the laser pulse can penetrate through the canopy
(Chuvieco et al., 2003; Hyyppa et a., 2008). Other critical
variables to model fire behaviour have also been accurately
derived using small footprint LIDAR data. Riano et al. (2003,
2004) estimated surface canopy height, surface canopy cover,
canopy base height and crown bulk density from airborne laser
scanner (ALS) data in forests dominated by conifer and deciduous
tree species. Andersen et al. (2005) and Hall et al. (2005) used
this sensor to estimate canopy base height and canopy bulk
density. These authors carried out a regression analysis relating
different LiDAR-based metrics to field-measured fud para-
meters. Morsdorf et a. (2004) also employed ALS data to
measure individual tree crown dimensions for forest fire risk
assessment in Switzerland. Finally, Skowronski et al. (2007) used
LIDAR measurements of canopy height to quantify forest
structure and ladder fuels (defined as vertical fud continuity
between the understory and canopy).

There are also several published studies whose main objectives
were not directly related to forest fuel characterization, but
nonetheless give results that suggest that LIDAR data may well be
employed in this direction. Some of them have focused on the
identification (or segmentation) of individual tree crowns for
geometric feature extraction. Holmgren and Persson (2004)
extracted tree heights and several crown dimensions after
isolating individual trees. Their aim was to identify different
hardwood species. Suarez et al. (2005) used a similar approach in
order to estimate individual tree heights. Other studies dealing
with the use of LIDAR data to analyse forest structure, avery active
research area, can also be of applied to forest fuel characterization.
For example, coarse woody debris volume has been predicted by
relating field plot measurement and ALS derived metrics (Pesonen
et a., 2008). Popescu and Zhao (2008) developed a technique to
characterize vertical structure of individual tree crowns and to
estimate crown base height for each tree identifiable on the DCM.
Among these studies, fiddd observed versus predicted values were
highly correlated, with r? ranging from 0.60 to 0.80. A huge body of
evidence is growing supporting the use of LIDAR data to



characterize forest canopy and subcanopy forest, both in the
horizontal and vertical planes (Hyyppa et a., 2008).

4.2.2. Microwave data

As in the case of LIDAR data, microwave sensors have the
potential to complement optically measured characteristics of fue
types. According to Chuvieco et al. (2003), severa projects based
on satellite microware data from ERS-1 (European Remote Sensing
satellite - 1 ; which includes an imaging Synthetic Aperture Radar
(SAR)), ERS1 (Japanese Earth Resources Satellite -1) and
RADARSAT (developed by Canada) data have been undertaken to
predict forest attributes that are critical for fue type mapping, such
as foliar biomass, tree volume, tree height and canopy closure
(Harrell etal., 1995; Ranson et d., 1997; Hyyppaet a., 2000; Toutin
and Amaral, 2000; Austin et al., 2003; Nedff et a., 2003; Li et al.,
2007; Smith-Jonforsen et al., 2007; Garestier et a., 2008; Kononov
and Ka, 2008). Even though these studies have generated positive
results and expectations, very few papers describe the use of
satellite radar data to specificaly estimate fuel loads or map fud
types. Saatchi et al. (2007) developed semi-empirical algorithms
over SAR imagery to estimate the distribution of biomass and three
major fuel load parameters (i.e. canopy fue weight, canopy bulk
density and foliage moisture content) of the Y ellowstone National
Park. Their approach provided levels of accuracy ranging from 70%
to 85%. Current limitations of satellite microwave data preclude
their use for accurate estimation of canopy height, since the
uncertainty in the estimation is greater than 5 m (Hyyppa et d.,
2000; Toutin and Amaral, 2000). Additionally, only long-wave
radar systems (L and P) are able to penetrate the forest canopy, and
only afew systems (ERS Shuttle Imaging Radar (SIR)) have used L
band. Another limitation isthat satellite radar is insensitive to high
biomass levels (Kasischke et a., 1997).

Airborne profiling radar has provided accurate estimates of
canopy height of up to 1-1.5 m (Hyyppa and Hallikainen, 1993,
1996; Hyyppaet a., 2008), which is still not sufficient for obtaining
a direct estimation of some fue types. Severa BEHAVE shrub fud
types, for example, are defined according to height intervals of
0.6 m. Another limitation is that the technique is not capable of
providing three-dimensional information about vegetation struc-
ture. In addition, the radar does not operate on steep slopes (Castel
et a., 2000).

In any case, microware data could be an ideal complement to
LIDAR measurements, since it is cheaper to acquire and therefore
allows larger areas to be analysed (Slatton et a., 2001). Radar could
thus be applied to interpolate between LIDAR footprints or even to
extrapolate where no LIDAR measurements are taken. Radar data
could also be useful for analysing temporal variability of fuels, one
of the main challenges reported by Keane et al. (2001). In fact, the
latest research trends related to forest fire and microwave data
focus on fud moisture estimation for fire danger prediction
(Bourgeau-Chavez et al., 2000, 2007; Abbott et a., 2002, 2007).

5. Combined methods to map fuel types

The combined use of more than one fud mapping method and/
or data sources represents a new and promising approach in
remote sensing, not only for fue mapping but also in many other
applications. In fact, most of the latest studies of forest fuels
integrate more than one source of information. As aresult, many of
the limitations associated with the application of a single mapping
method have been addressed. In contrast to previous sections,
which presented the advances of different remote sensing
techniques and products when they are employed alone, we will
now focus on the combination of different mapping methods in an
integrated approach.

One option is to combine traditional and remote sensing
techniques. At the beginning of this decade, Keane et al. (2000,
2001) already proposed an integrated approach that merged
extensive fiedd sampling, image classification of vegetation
characteristics and biophysical gradient modelling. A few years
later, Falkowski et al. (2005) implemented a different integrated
method by combining digital analysis of ASTER imagery with
gradient modelling methods for mapping fue layers for fire
behaviour modelling with FARSTE More recently, Poulos et al.
(2007) used fidd data, remotely sensed data and landscape
metrics derived from digital elevation models to develop
predictive vegetation and fue maps in Texas. They developed a
hierarchical approach for scaling fued maps from local to land-
scape scales.

Using only remote sensing techniques, the integration of more
than one sensor has aso been successfully developed. The
integration of LIDAR and spectral information (mainly VHR or
hyperspectral) has been particularly successful and represents a
promising alternative to deal with the complex nature of fuels.
Riano et al. (2007) used infrared orthophotos and LIDAR data to
estimate shrub height for fud mapping. They employed NDVI
values derived from the optical datato enhance the LIDAR derived
DTM. Varga and Asner (2008) modelled fuel load across a gradient
of ecosystems (from forest to savannah to shrubland) by
combining LIDAR and hyperspectral data. An automated SMA of
AVIRIS imagery provided fractional cover estimates of PV, NPV and
bare soil or shade and small footprint LIDAR provided measure-
ments of vegetation heights. The authors used that information to
develop a new fire fud index, estimated as the ratio between
percentage of NPV cover and the maximum canopy height for each
pixel. These authors paired the remote sensing approach with a
method for rapid (near real-time) assessment of fire fue condition
at large scale. More recently, Mutlu et al. (2008) investigated the
gain in fud mapping accuracy when incorporating LIDAR data, as
opposed to QuickBird imagery alone. Their results showed that
combining both imageries improved the overall accuracy of the
fue classification. The best results gave an accuracy assessment of
90%, which increased the overall accuracy by 14%, as compared to
the QuickBird image alone.

6. Conclusions

The knowledge of fue characteristics is essential to fire and
land management because it can be used to compute fire hazard,
risk, behaviour and effects. However, fuels are difficult to describe
and map due to their high complexity and variability.

With the development of different fire models, several fud
classification systems have been created around the world. Each
fud classification only considers those fuels characteristics
required by the fire model for which it was developed and is
therefore specific to it. Moreover, these fire models and fue
classifications are normally only applicable for the purpose they
were developed and the location where they were created. Thus,
the selection of an appropriate classification system is essential
when mapping forest fuels. Different classification systems must
be applied depending on what needs to be predicted, where and
how.

Forest fue mapping has traditionally been performed by means
of fidd work, the use of aerial photography and ecological
modelling. Such methodologies suffer from several limitations.
They require abundant fidd work, which is time-consuming and
expensive. Nevertheless, they till play an important role and
represent a useful complement to the remote sensing approaches.
They provide the fidd reference datasets necessary to validate
maps created from remotely sensed data products. More than that,



in some cases their incorporation to other techniques has
remarkably improved the results obtained before their addition.

In remote sensing, it is possible to use alarge variety of systems.
Different sensors, methods of image capture and platforms will be
used depending on the purpose for which they will be employed. In
general, remote sensing methods offer several advantages. They
can offer cost-effective ways to assess wildfire risks in nearly real-
time with wider spatial and regular temporal coverage. Also, data
are processed digitally, making possible analyses that are complex,
expensive or impossible with visual products.

Several shortcomings have traditionally limited the use of
remote sensed data for fue mapping. Optical satellite data and
aerial photography are limited to observing the horizontal fud
distribution and are constrained by their inability to reveal
understory characteristics or to estimate heights. Although some
studies have increased the levels of accuracy of these products,
these limitations have not been overcome and some fud
characteristics must be obtained through other means, such as
by the use of active sensors.

The development of new improved sensors (i.e. LIDAR, radar,
VHR and hyperspectral) and techniques (i.e. able to handle
heterogeneous data sources, object-oriented image analysis and
context information) may considerably improve fud mapping
tasks. Future research should focus on the integration of mapping
techniques and sensor data. The use of object-oriented image
analysis is particularly promising, given its ability to integrate and
process data with very different properties. This approach has been
successfully employed for vegetation mapping and could also be
applied to map fud types.
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