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RESUMEN

Estimacion de los niveles de severidad de los incendios forestales
mediante la utilizacion de modelos de simulacion e imagenes de satélite

Los incendios forestales representan un importante factor de estrés para los ecosistemas,
especialmente cuando se altera su frecuencia y/o intensidad. Sus principales efectos negativos
son: la pérdida de biomasa vegetal, la degradacion del suelo (Doerr et al., 2006), y las
emisiones de gas de efecto invernadero (Andreae and Merlet, 2001).

La gestidn de las areas quemadas tiene como objetivos principales la minimizacién de la
erosion (mitigacion) y la disminucion del tiempo de recuperacién del ecosistema afectado por
el fuego (recuperacion) (Miller and Yool, 2002). Después de la estacion de incendios de verano,
las lluvias otofiales pueden empeorar los efectos negativos de los incendios, reforzando la
erosion y la degradacion del suelo. Por estas razones, conviene que la evaluacion de dafios se
haga pocas semanas después del incendio. Légicamente, en este contexto es fundamental
poder concentrar los recursos en las zonas de alta prioridad (Miller and Yool, 2002). Debido a
que los incendios afectan un amplio rango de escalas espaciales y temporales, la
interpretacion de los factores causales, de los efectos del incendio y de la respuesta del
ecosistema representan un reto actual para investigadores y gestores (Lentile et al., 2006).

Para aclarar la compleja interaccion entre incendios y ecosistemas, se pueden describir
dos diferentes ordenes de efectos del fuego (Key, 2006). Justo después de la extincién del
incendio, los efectos a corto plazo (first-order effects) hacen referencia a las consecuencias
ecoldgicas en los componentes biofisicos que existian antes del incendio (Key and Benson,
2005), mientras que los efectos a largo plazo (second-order effects) describen cémo el
ecosistema se recupera del impacto del fuego (Kasischke et al., 2007). Ambos efectos a corto
y largo plazo sobre vegetacion y suelo, pueden ser estimados en términos de severidad (burn
severity en la terminologia anglosajona) (Jain, 2004; Key and Benson, 2005; Lentile et al., 2006;
van Wagtendonk et al., 2004; White et al., 1996). El conocimiento detallado de los niveles de
dafio y de su distribucién dentro del drea quemada (burn severity map) representa un factor
clave para: cuantificar el impacto del fuego sobre el ecosistema (van Wagtendonk et al., 2004),
seleccionar y dar orden de prioridad a los tratamientos aplicados en campo (Bobbe et al.,

2001; Patterson and Yool, 1998), planificar y monitorear la restauracién y la recuperacion de la



vegetacion y procurar informacién que se utilizard como referencia para futuros analisis
(Brewer et al., 2005).

La severidad de un incendio esta directamente relacionada con la intensidad y el tiempo
de residencia del fuego. En incendios muy intensos, con una elevada liberacién de energia en
el frente de llamas, o en aquellos que se propagan lentamente y cuentan con periodos largos
de quema, se destruyen buena parte de los elementos vitales de las plantas y de la materia
organica del suelo, lo que supone una pérdida de proteccion del suelo y una regeneracién
posterior mas lenta. Las estrategias de reproduccién de las plantas son también claves en la
evolucion posterior al fuego, ya que las germinadoras requieren disponer de un banco de
semillas en buen estado, mientras las rebrotadoras estan mejor adaptadas a fuegos periddicos
(Calvo et al., 2003; Diaz-Delgado et al., 2003; Generalitat, 1988; Moreno and Oechel, 1991;
Navarro et al., 1996) .

Habitualmente, la severidad del fuego se evalla segun el grado de carbonizacion de los
diferentes estratos vegetales, y la proporcidn carbén/ceniza en la capa mas superficial del
suelo. Existen varios métodos de estimacion disponibles en la literatura, principalmente
apoyados en trabajo de campo (Moreno and Oechel, 1989; Pérez and Moreno, 1998). El
inventario de campo puede realizarse poco después del fuego (evaluacion inmediata), o varios
meses después (evaluacion a medio plazo). La dificultad para abarcar un amplio territorio a
partir de observaciones de campo ha llevado a diversos autores a plantearse el empleo de
imagenes de satélite en la cartografia de niveles de severidad, de cara a garantizar una
cobertura actualizada y completa del territorio afectado (Cocke et al., 2005; Diaz-Delgado et
al., 2003; Parra and Chuvieco, 2005; van Wagtendonk et al., 2004). El principal reto en el
empleo de la teledeteccién en los estudios de severidad del fuego es demostrar que los niveles
de dafio estan asociados a la variacién espectral que pueda recoger el sensor. Esto supone
explorar la discriminabilidad tedrica entre distintos niveles de severidad, por ejemplo usando
modelos de transferencia radiativa (Chuvieco et al., 2006; Pereira et al., 2004). Una vez que se
demuestra la sensibilidad tedrica de las distintas bandas de reflectividad, habria que constatar
si disponemos de sensores con el suficiente nivel de detalle (resolucion espacial y espectral)
para evaluar la severidad de una manera mas o menos automatica.

La mayor parte de los estudios de teledeteccién y severidad del fuego actualmente
disponibles estdn basados en ajustes empiricos, apoyados en parcelas de campo tomadas poco
después del incendio (Cocke et al., 2005; Epting et al., 2005; Miller and Yool, 2002; van
Wagtendonk et al., 2004). Los modelos empiricos son relativamente sencillos de calcular, pero
tienen poca capacidad de generalizacién, ya que consideran las condiciones locales donde se

ajustd el modelo.



Por esta razén, planteamos como objetivo general de esta tesis doctoral desarrollar una
metodologia alternativa a los estudios empiricos, que fuera semi-automatica y generalizable
de cara a estimar los niveles de severidad a corto plazo a partir de datos de satélite. La
metodologia propuesta se basa en el uso de modelos de simulacidn de transferencia radiativa
(RTM), que intentan estimar la reflectividad procedente de una determinada cubierta a partir
una serie de asunciones fisicas (Jacquemoud et al., 1996).

Cuando estos modelos se usan de modo directo, pueden variarse los parametros de
entrada del modelo para simular el efecto que esos parametros tienen sobre la reflectividad
gue medimos con teledeteccidén. Esto ayuda a entender mejor la accion de esos factores
(caracteristicas bioquimicas de la hoja, cantidad, distribucion geométrica, reflectividad del
suelo, etc.). Estos modelos también pueden usar en modo inverso, lo que permite estimar los
mismos factores de entrada a partir de la reflectividad observada por el sensor, habitualmente
manteniendo algunos constantes o extrayéndolos de otras fuentes (Jacquemoud et al., 2000).

Hasta el momento, los RTMs no se han aplicado extensamente al analisis de areas
guemadas, orientandose los pocos trabajos publicados a la determinacién de quemado/no
qguemado (Pereira et al., 2004; Roy et al., 2002). Solo Chuvieco et al. (2006) plantearon el uso
de modelos de simulacién en modo directo para la cartografia de niveles de severidad,
mediante un enlace entre dos modelos, de hoja (PROSPECT; Jacquemoud, 1990) y de dosel
(Kuusk; Kuusk, 2001), empleados para simular diversos escenarios de dafio.

Continuando en esta linea, iniciamos nuestra tesis doctoral, que pretendia explorar las
posibilidades de inversién de estos modelos, y compararlos con los resultados de ajustes
empiricos sobre zonas de vegetacion mediterranea. Para abordar este objetivo general, se
definieron cinco objetivos especificos, tal como se detallan en la tabla 1. En primer lugar
(objetivo I, tabla 1), se compard la precision en la estimacion de la severidad de los modelo
empiricos tradicionales con el modelo de simulacion propuesto por Chuvieco et al. (2006,
primer escenario). Este estudio confirmé que los modelos de simulacién permiten una mejor
estimacion de la severidad sobre todo para valores de dafio muy bajo y muy altos. Sin
embargo, para valores intermedios ambas técnicas presentaban errores considerables.

En consecuencia, planteamos como segundo objetivo (tabla 1) intentar mejorar el modelo
de simulacién existente, para mejorar la estimacién de los rangos intermedios de severidad.
Para ello, se extendio la simulaciéon presentada en Chuvieco et. al. (2006) incluyendo un rango
mas amplio de escenarios y condiciones de entrada. Se simularon cinco escenarios distintos:

1- Sencillo: se asume que el incendio provoca simultdaneamente la consumicion de las

hojas y su cambio de color (de verde a marrdn).



2- Extendido: se supone que el fuego puede o consumir las hojas, o hacerles cambiar de

color o las dos cosas al mismo tiempo.

3- Multitemporal: se modelan cambios en color de las hojas y cobertura a partir de

condiciones iniciales fijadas.

4- Supervisado: se seleccionan las combinaciones de parametros de entrada mas

comunes, basandose en la experiencia de campo.

Los mejores resultados se obtuvieron con este ultimo escenario, aunque todavia se
registraron importantes errores de sub-estimacion.

Para intentar resolver estos problemas, se siguieron, por lo tanto, dos lineas paralelas:

a. Por un lado (objetivo lll, tabla 1), se modifico el indice de campo para que se ajustara

mejor a la validacion/calibracion de métodos que utilizan imagenes de satélite.

b. Por otro (objetivo IV, tabla 1), se propuso emplear un nuevo modelo de simulacién,

con un componente geométrico (GeoSail; Huemmrich, 2001).

Se comprobd que el nuevo indice de referencia para estimar severidad (que
denominamos GeoCBl) se ajusta mejor a la reflectividad registrada por los sensores remotos y
representa una buena referencia para poder validar las técnicas de estimacion de severidad
que utilizan imagenes de satélite.

Por su parte, las nuevas simulaciones basadas en el modelo Prospect-Geosail muestran un
muy buen ajuste en tres areas de estudio, recientemente afectadas por grandes incendios, lo
qgue confirma que la inversion del modelo de simulacién es la técnica mas adecuada para
estimar la severidad en el rango continuo del indice de campo (entre 0y 3).

Por ultimo (objetivo V, tabla 1), se identificd del sensor comercial mas adecuado para la
estimacién de la severidad. Para ello, se llevd a cabo un ensayo con imagenes de cinco
distintos sensores (SPOT 5, Landsat TM, AWIFS, MERIS y MODIS) en el mismo incendio.
Finalmente, el Landsat TM resulté ser el sensor mas adecuado, ya que representa el mejor
compromiso entre resolucién espectral y espacial.

Cada obijetivo especifico ha dado lugar a publicaciones en revistas con sistema de revision
externo (tabla 1).

En conclusién, en esta tesis doctoral se ha identificado y desarrollado una nueva técnica que
permite estimar la severidad con mejor ajuste respecto a las técnicas tradicionales, ademas se
ha validado en tres aéreas distintas (en Espafia y Portugal), se ha propuesto un nuevo indice de
campo y se ha identificado el sensor comercial mas apropiado para la estimacién de la
severidad, por lo que estimo que la contribucién realizada es relevante para el grado

académico al que aspiro.



Tabla 1. Esquema descriptivo del desarrollo del proyecto de tesis y de las publicaciones

realizadas.

OBJETIVO ESPECIFICO

PUBLICACION CORRESPONDIENTE (*)

I. Comparar las técnicas
empiricas tradicionales con la
inversion de los modelos de
transferencia radiativa.

De Santis, A. and Chuvieco, E. (2007). Burn severity
estimation from remotely sensed data: Performance of
simulation versus empirical models. Remote Sensing of
Environment. Vol. 108, pag. 422-435.

II. Intentar
estimacion del
simulacién.

mejorar la
modelo de

Chuvieco, E., De Santis A, D. Riafio and K. Halligan
(2007). Simulation approaches for burn severity
estimation using remotely sensed images. Fire Ecology
3(1):129-150.

III. Mejorar el indice de
campo para ajustarlo a la
validacion/calibracion de
métodos que utilizan
imagenes de satélite.

De Santis, A. and Chuvieco, E. (2008). GeoCBI: a modified
version of the Composite Burn Index to estimate burn
severity for remote sensing applications. Remote Sensing
of Environment, under review.

IV. Propuesta de un nuevo
modelo de simulacién
(geométrico), validado en tres
areas distintas.

De Santis, A, Chuvieco, E. and Vaughan P.J. (2008).
Short-term assessment of burn severity using the
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Abstract

Burn severity is a key factor in post-fire assessment and its estimation is traditionally restricted to field
work and empirical fitting from remotely sensed data. However, the first method is limited in terms of
spatial coverage and cost effectiveness and the second is site and data specific. Since alternative
approaches based on radiative transfer models (RTM) have been usefully applied in retrieving several
biophysical plant parameters (leaf area index, water and dry matter content, chlorophyll), this paper has
applied the inversion of a simulation model to estimate burn severity in terms of the Composite Burn
Index (CBI). The performance of the model inversion method was compared to standard empirical
techniques. The study area chosen was a large forest fire in central Spain which occurred in July 2005.
The model inversion showed the most accurate estimation for high severity levels (for CBI> 2.7,
RMSE=0.30) and for unburned areas (CBI< 0.5, RMSE=0). In both methodologies, the error associated to
CBI from 0.5 to 2.7 was not acceptable (RMSE> 0.7), because it is higher than 25% of the total range of
the index. Finally, burn severity maps from both methods were compared.
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1. Introduction

Forest fires are a critical factor of disturbance in worldwide ecosystems. Their effects on soil
and plants depend on frequency, fire intensity, and fire residence time, as well as on plant
resilience and resistance (Pérez and Moreno, 1998). Moreover, the main consequences of fire
on plants and atmospheric emissions depend largely on fire/burn severity. The term “fire
severity”, which has a long tradition within the forest fire research community, refers to the
combination of soil and overstory effects caused by fire (Brewer et al., 2005; Chappell and
Agee, 1996; Doerr et al., 2006; Ryan and Noste, 1985; Turner et al., 1994; Wang, 2002; White
et al., 1996). More recently, other authors have used the term “burn severity” to address the
same concept (Chuvieco et al., 2005; Chuvieco et al., 2006; Key, 2005; Key and Benson, 2004,
2005; Parra and Chuvieco, 2005; Patterson and Yool, 1998). This discrepancy of terminology
makes comparing map products potentially ambiguous (Miller and Yool, 2002). To clarify these
concepts, the analysis of fire effects can be better classified in the context of the fire
disturbance continuum (Jain and Graham, 2004), which addresses three different temporal
phases: before the fire, during the fire and after the fire. Within this framework, the term fire
severity indicates the direct effects of the combustion process and refers to the active fire
(direct effects of fire process). In contrast, burn severity identifies the impact of fire on soil and
plants when the fire is extinguished, and it is related to the post-fire phase (what is left). The
latter definition will be used in this paper.

Burn severity is generally estimated using post-fire field data (Moreno and Oechel, 1989;
Pérez and Moreno, 1998), which consider several variables as: depth of char, percentage of
tree basal area mortality (Chappell and Agee, 1996), decrease in plant cover (Jain and Graham,
2004; Rogan and Yool, 2001), volatilization or transformation of soil components to soluble
mineral forms (Turner et al., 1994; Wang, 2002; Wells and Campbell, 1979), proportion of fine
branches remaining on the canopy (Moreno and Oechel, 1989), and degree of canopy
consumption and mortality (Doerr et al., 2006; Key and Benson, 2002; Patterson and Yool,
1998; Rogan and Franklin, 2001; Ryan and Noste, 1985; van Wagtendonk et al., 2004). The
poor spatial representation associated with field methods and the cost of these approaches
make it advisable to use alternative methods.

Remote sensing can be potentially a sound choice to map burn severity, since vegetation
removal, soil exposure, changes in soil and vegetation moisture content imply changes in
reflectance (Jakubauskas et al., 1990). Indeed, fire-related decreases in chlorophyll content

and vegetation moisture lead to decreases in the visible and near-infrared (NIR) reflectance
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and increases in the mid-infrared (SWIR) reflectance (White et al., 1996). Since the amount of
green biomass destroyed by fires depends upon the burn severity, several authors have found
good correlations between vegetation indices, computed from post-fire remotely sensed data,
and burn severity (Diaz-Delgado et al., 2003; Doerr et al., 2006; Garcia-Haro et al., 2001;
Hammill and Bradstock, 2006; Ruiz-Gallardo et al., 2004; Sunar and Ozkan, 2001). The
Normalized Difference Vegetation Index (NDVI) has been related to field measurements of
burn severity (Chafer et al., 2004; Hammill and Bradstock, 2006; Sunar and Ozkan, 2001). NDVI

is defined as:

(Pnir — PRED) (1)

NDVI =
(onir + PrED)

where pyr and pgep are the reflectance of near infrared (NIR) and red bands respectively.
However, according to White et al. (1996), a single post-fire band 7 (SWIR) of Landsat Thematic
Mapper (TM) showed stronger correlations than NDVI. Likewise, Jakubauskas et al. (1990)
used the 7/5 ratio of Landsat Multi Spectral Scanner (MSS) to map the burn area and extract
degrees of burn severity. Other authors have found stronger correlations for spectral indices
using the NIR and shortwave infrared (SWIR) bands rather than the NDVI. Although, these NIR-
SWIR indices were originally designed to estimate plant water content (De Santis et al., 2006;
Fraser et al., 2000; Gao, 1996; Hunt and Rock, 1989), they have also proved useful to map
burnt areas (Lopez Garcia and Caselles, 1991) since burning implies a severe decrease in plant
and soil moisture contents. The most effective NIR-SWIR index for burn severity available in

the literature is the Normalized Burn Ratio (NBR) proposed by Key and Benson (2002):

(p4 —p7) (2)
NBR=—-"+
(p4 +p7)

where p4 and p7 are the reflectance of band 4 (NIR) and 7 (SWIR) of Landsat TM
respectively. Since burn severity is dependent on the pre-fire vegetation conditions, these
authors suggest the use of the temporal difference between pre- and post-fire NBR (ANBR)

values (Key and Benson, 2002):

3
ANBR = NBRpgg_rizs — NBRposr—rirs (3)
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This variable has been proposed as an operational index to estimate burn severity from
satellite data.

The post-burn approach (simple NBR) is less expensive than the multi-temporal approach,
and reduces the errors caused by differences in geometric correction, in sensor calibration, in
sun-sensor geometry, in atmospheric effects and in plant phenology. However, the use of a
single post-image, without the pre-burn reference image, leads to difficulties in mapping
spectrally similar areas such water and recent burns, or senescent vegetation and older burns
(Epting et al., 2005; Garcia and Chuvieco, 2004; Pereira, 1999; Pereira and Setzer, 1993).

The ANBR index calculated from Landsat TM and ETM+ images have shown very strong
correlation with burn severity values estimated in the field in several study cases (Cocke et al.,
2005; Epting et al., 2005; Miller and Yool, 2002). A comparison between ANBR calculated from
Landsat-TM and Airborne Visible and Infrared Imaging Spectrometer (AVIRIS) data, showed
very similar results (van Wagtendonk et al., 2004).

Other indices that include the mid-infrared spectral region have also shown high
correlations, according to Rogan and Yool (2001) and van Wagtendonk et al. (2004), but
generally did not perform as consistently as the NBR index. Similarly, the evaluation of six
different approaches for classifying and mapping fire severity using multi-temporal Landsat TM
data, performed by Brewer et al. (2005), confirms that the NBR provides a flexible, robust and
analytically simple approach.

As well as spectral indices, linear transformation techniques have been used for the multi-
temporal mapping of burn severity. Patterson and Yool (1998) compared two linear
transformation techniques, the Kauth-Thomas (KT) and principal components (PC) transforms,
for mapping fire severity. The KT or “Tasselled Cap” transform is sensitive to fire-induced
changes in the moisture content of soil and vegetation and, in this study, produced betters
result than the PC transform. Chuvieco (2002) and Caetano et al. (1994) concluded that
spectral mixture analysis (SMA) proved to be efficient in detecting the charcoal signal even in
lightly burnt areas that kept a strong vegetation signal, a situation that is typically considered
to be problematic. SMA was considered advantageous over vegetation index-based methods,
due to its improved capability to distinguish burns from other bare or sparsely vegetated areas
(Caetano et al., 1996; Diaz-Delgado et al., 2001). This technique was also successful applied by
Diaz-Delgado and Pons (1999) and Rogan and Franklin (2001) to carry out the burn severity
classification.

The studies previously referred to are based on empirical approaches, which are relatively
easy to compute, when a good set of field data is available. However, empirical approaches

have also limitations due to the lack of physics introduced in the retrieval technique which
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reduces their generalization power (Weiss et al., 2000). Alternative approaches are based on
radiative transfer model (RTM) techniques. In the forward mode, RTM help understand how
the changes in plant biophysical parameters modify the spectral response at both leaf and
canopy level, whereas inverse modelling uses spectral signatures as inputs to quantify plant
parameters. The latter mode has been extensively used to estimate: leaf area index (LAI) (Fang
and Liang, 2003; Koetz et al., 2005), water and dry matter content (Riafio et al., 2005; Zarco-
Tejada et al., 2003), and chlorophyll content (Zarco-Tejada et al., 2001). The results of these
studies are generally very precise, but the performance of RTM greatly depends on whether
the assumptions of the model are properly met for a specific vegetation type and a specific
biophysical parameter. There are few examples of the use of RTM in burned land mapping.
Roy et al. (2005, 2002) have applied them indirectly for generating the standard burned land
product of MODIS, which is based on multi-temporal analysis of BRDF (Bi-directional
Reflectance Distribution Function) corrected images. Pereira et al. (2004) used these models to
analyse the detectability of the burned signal in surface fires, which is a critical factor in
tropical fires. In the specific field of burn severity, only a recent study by Chuvieco et al. (2006)
explores the use of RTM (forward mode) to simulate different burn severities. The simulations
were performed with a coupled leaf canopy model designed by Kuusk (2001). Several
simulation scenarios were analysed, and different spectral indices proposed, underlying the
importance of the red-edge (720-760 nm) and NIR-SWIR regions for discriminating burn
severity values.

From an operative point of view, the final goal of RTM in remote sensing studies, is to be
able to retrieve critical parameters by applying a model inversion technique. This has not yet
been applied in burn severity studies and it is the main objective of this paper. The aim is
therefore to determinate burn severity from the inversion of the simulation proposed by
Chuvieco et al. (2006), in the context of an initial assessment, and to compare the performance

of this technique with the empirical models.

2. Data and methods

2.1. Study area

The study area is located in the north-eastern part of the Province of Guadalajara (40-41°N

and 1-2°W) in central Spain (figure 1). From a geological point of view, this site presents a
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sequence of limestone and sandstone deposits and the dominant types of soil are Xerochrept,
Plexeralf and Xerorthent. The topography is rugged and the altitudes range between
1100mand 1400 m. Rainfall in the region averages 600-800 mm per year. Maximum and
minimum precipitations are recorded in November—December and in July—August,
respectively. The average annual temperature is 12 °C. Pinus pinaster woodlands are the
dominant vegetation community of this area, mixed with oak forest of Quercus faginea and
Quercus pyrenaica (in the layer up to 5 m height). The shrub layer is dominated by Cistus
ladanifer, Cistus albidus, Rosmarinus officinalis, Juniperus oxycedrus, Rosa canina, Cytisus
scoparius, and Lavanda pedunculata. This area was affected by a very large forest fire in July,
16th 2005. The fire was caused by human carelessness, under very dry weather conditions:
maximum temperature 35 °C; relative humidity 22%; 30 days since the last rainfall event; wind
speed from 10 to 23 km/h (Meteoldgica S.A.). All these meteorological factors contributed to
increase fire intensity and severity. The fire lasted four days and burned a total of 13,000 ha,
mainly covered by pine trees mixed with semideciduous oaks and a marginal proportion of
areas covered by Mediterranean shrubs. Eleven fire-fighters died while working in fire

suppression, which caused a great impact in the national media.

Figure 1. Study area location and field plot distribution (Landsat 5 TM image: R=TM7, G=TM4, B=TM1,
Projection UTM 30T datum European 1950 mean).
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2.2. Field data

The Composite Burn Index (CBI) is a field method to evaluate burn severity (Key and Benson,
2005). It was developed in the framework of the FIREMON Project (Fire Effects Monitoring and
Inventory: http://fire.org/firemon/), by the U.S. Forest Service with contributions from U.S.
Geological Survey. This index is designed to define burn severity from an ecological
perspective, measuring ground fire effects that collectively provide a signal detected at
moderate resolution by the Landsat Thematic Mapper (TM) (Key and Benson, 2004). Average
conditions of the plant community are visually examined for 30-m diameter plots. The
vegetation is considered to be composed of five strata, organized in a hierarchical structure

(figure 2).

[ TOTALPLOT |
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e

Figure 2. Strata considered in the CBI calculation.

Attributes are rated according to specific thresholds suggested by Key and Benson (2005).
The scores are numerical, in a range of 0 to 3, implying a gradient from unburned to extremely
burned conditions, respectively. The numerical rating derived for each attribute is obtained
from a consensus of two field observers. Litter and fuel consumption, change in soil colour,
foliage alteration, change in cover, canopy mortality and char height are the principal variables
assessed. Therefore, although the CBI does not require quantitative measurements in the field,
it provides a numerical estimation of burn severity for the site, which simplifies the statistical
estimation derived from quantitative remotely sensed data. Different attributes are scored in
each stratum and averaged into understory, overstory and overall composite ratings.

Since this index is focused on the percentage of change with respect to the pre-fire scenario,
the CBI log sheet contains a few variables in each stratum for estimating pre-fire variables

(such as cover, depth and density). Most rating factors are interpreted in relation to conditions
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that existed before fire, and not in absolute quantities. This responds to the particular
definition of severity as a magnitude of ecological change, such that the amount of change
depends on the state of the community before fire. All factors are considered in terms of the
area of the whole plot.

In this study, a modified version of the Composite Burn Index (CBI) was used to estimate
burn severity in the field. Additional variables were introduced in the CBI field form:

1. the percentage of dead leaves on the soil;

2. the fraction of coverage (FCOV) of dominant vegetation type per stratum;

3. the percentage of changes in the leaf area index (LAI) of each stratum;

4. the amount of new sprouts after the fire.

These new variables improve the interpretation of the satellite images post-fire, because
these factors can modify significantly the reflectance detected by the sensor. Moreover, the
last factor listed provides information about the possibility of regeneration.

A total of 103 plots (30 m diameter) were sampled within the perimeter of the burnt area,
between August and September 2005 (figure 1). The plots were selected within large areas
with homogeneous burn severity levels and low slope gradients.

Each plot was identified with a code and its centre point coordinates, elevation, aspect,
slope and type of soil were noted down before the CBI was evaluated. The coordinates of the
plot centre were recorded with a GPS (GARMIN GPS 12). Three pictures per plot were taken
(panoramic and close-ups) as reference for the post-processing phase. Figure 3 shows
examples of field plots with diverse CBI values.

Since the field work started only 3 weeks after the fire and due to the risk of dead trees
collapsing, it was difficult to gain access to some parts of the burnt area. Areas with maximum
slopes were not covered, as recommended by Key and Benson (2004) in the specifications of
CBI.

Finally, field spectroscopy was carried out in the study area 20 days after the fire using a
CROPSCAN multi-spectral radiometer (CROPSCAN, Inc., 1932 Viola Heights Lane NE Rochester,
MN 55906 USA, http://www.cropscan.com). This radiometer was selected for having the same
spectral resolution as the satellite imagery used in this study (Landsat TM). Several types of
burned and unburned vegetation were measured on different backgrounds (charcoal, litter

and ash). The spectra were used as reference for satellite reflectance analysis.
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Figure 3. Examples of high (A, CBI=3), moderate (B, CBI=2.35) and low (C, CBI=0.9) burn severity.

2.3. Remotely sensed data

Two Landsat 5 Thematic Mapper (TM) images (path 200, row 32), corresponding to July 1%,
2004 (pre-fire) and August 5", 2005 (post-fire) were selected. The original digital numbers of
reflective TM bands were scaled to radiance values (L)) using the procedure proposed by
Chander and Markham (2003) for TM images acquired after May 5th, 2003.

The radiance to reflectance (p) conversion (atmospheric correction) was performed using
the dark object method proposed by Chavez (1996) with band-fixed transmissivity values.

A set of Ground Control Points (GCPs) was selected for the geometric correction using a
Landsat ETM+ ortho-image (from the CORINE 2000 project, UTM 30 T European 1950 mean) as
reference. The resulting Root Mean Square Error (RMSE) was under half a pixel (or 15 m).
Moreover, pre- and post-fire images were co-registered (RMSE<15 m).

For the characteristics of the study area, an illumination correction was required. The
correction was carried out using a digital terrain model (DTM, 10 m of resolution) and the
method proposed by Civco (1989). The radiometric fitting between pre- and post-fire images
was tested comparing spectral signatures of the pixels corresponding to areas with low
seasonal changes (asphalt and rock). The comparison of reflectance values returned a

RMSE=0.02.
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Finally, to cover the entire range of CBI, 47 pixels were selected from the post-fire image,
named PN from 1 to 47, which corresponded to unburned areas (CBI=0, orange points in figure

1), in addition to the 103 field plots.

2.4. Empirical fitting

For the empirical fitting, several spectral indices and transformations were tested. NBR (Key
and Benson, 2002; Eq. (2)) was selected for being the only one index specifically developed for
burn severity analysis. This index was calculated for the pre- and post-fire images, after which
the ANBR (Eq. (3)) was computed. Likewise, NDVI from both pre- and post-fire images was
obtained and consequently, ANDVI was generated. In addition to these indices, the Tasselled
Cap (Kauth and Thomas, 1976) transformation and the Hue, Intensity, Saturation (HIS)
transformation (Koutsias et al., 2000) were computed from the TM7, TM4, TM1-RGB
composition.

Single reflective bands of the TM post-fire image and the results of spectral indices and
linear transformations were correlated against the CBI of all field plots.

Due to the spatial resolution of the TM sensor and to the size of field plots (30-m diameter),
the data to be used in the empirical fittings were extracted using the pixel value corresponding
to the coordinates of the centre of each field plot.

As suggested by Key and Benson (2005), a sub-sampling was carried out from the total 150
plots to obtain a similar representation of each severity group (CBI under 1.5, from 1.5 to 2.5,
and over 2.5). A total of 46 plots were randomly selected and used for the calibration of the
empirical model. In this sub-sample, the full range of severity variation is represented. The
remaining 104 plots were used in the validation phase. The linear regression technique applied
was the stepwise forward selection (SPSS 13), and the empirical fitting was evaluated using the

RMSE between observed and predicted CBI.

2.5. Simulation models

The simulation model used in this paper was developed by Chuvieco et al. (2006). They used
a leaf canopy model combination based on the PROSPECT and KUUSK RTM, respectively. The
CBI was simulated by changing the substrate conditions (from soil to charcoal), the leaf

properties (from green to brown leaves) and the leaf area index (from 2 to 3 maximum LAl to
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0.01). Two vegetation strata, plus the substrate were included in the simulations. Two
simulation scenarios were considered: a wide short-term and a post-fire high severity. For this
paper, the wide short-term was selected since it considered general short-term effects of
recent fires (within a few weeks after fire). To simulate this scenario, the authors assumed that
the CBI of each stratum changed independently from the other two. However, within each
stratum the increase in the percentage of altered foliage (PFA) and in the percentage of
change in leaf cover (PCC) occur simultaneously. All the simulations were run for the solar
spectrum (from 400 to 2500 nm) at 10-nm intervals (201 spectral bands). The number of the
simulation cases was reduced by fixing the following variables throughout all the simulations:
leaf angle distribution= plagiophile, leaf shape=ellipse form (eccentricity=0.95), sun zenith
angle=30°, nadir angle=0°, azimuth angle=0°.

To avoid unrealistic combinations, three rules were applied:

1. CBI B+C > CBI A: since it is very unlikely that the CBI of a shrub stratum (b1mtall) can be

greater than the CBI of the soil.

2. CBI B+C > CBI D+E: eliminates simulations when the CBI of a canopy is greater than the

CBI of the understory, which was never observed in the field plots.

3. CBI B+C <4 *CBI A: eliminates simulations where the CBI of the understory is four times

greater than the CBI of the background soil, in agreement with field observations.

Finally, from the original 1000 simulations, only 278 were considered significant and their
corresponding CBI values ranged from 0.45 to 3. To fill the range gap existed between 0 and
0.45 (CBI nominally ranges from 0 to 3), additional simulations of unburned vegetation
conditions were added to the original 278. These two spectral signatures were also derived

from a simulation using the Kuusk model (David Riafo, personal communication).

2.6. Model inversion strategies

Inversion methods use different approaches to compare the simulated and observed
spectra. A first distinction may be made on whether the process computes the simulated
spectra before the actual inversion or does it iteratively during the inversion process. The
former is more common, since the computation time is reduced (the iterative process requires
running the model for each pixel) and the simulated spectra are better selected according to
realistic assumptions (Gastellu-Etchegorry et al., 2003; Kimes et al., 2002; Liang, 2004). This

method is commonly named look-up table (LUT) approach, and was selected for this study
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since it provided a more operational approach to CBI retrieval. The LUT was generated from
our forward simulations, considering the input scenarios previously commented.

The comparison between observed and simulated spectra can be based on several criteria,
being the most common the minimum quadratic distance and neural networks (Kimes et al.,
2000). In this paper, the minimum angle between the simulated and observed spectra was
used, since it provides a consistent measure of spectral similarity. For this study, all the spectra
generated for the look-up table were used to build a spectral library (in ENVI 4.2™), which was
adapted to simulate the response of TM sensor. Then, all the spectra in the resulting library
were used as endmembers to perform a Spectral Angle Mapper (SAM) supervised classification
of the post-fire TM image. SAM is a pixel-based supervised classification technique that
measures the similarity between two spectra, in our case between each pixel in the TM image
and the simulated spectra of CBI values included in the LUT. This similarity is computed from
the spectral angle (in radians), when each spectrum is considered as an m-dimensional feature
vector, with m being the number of spectral channels (Debba et al., 2005; Kruse et al., 1993).
This angle is independent of the length of vectors (Bakker and Schmidt, 2002), so it is
insensitive to illumination or albedo effects.

To be able to compare the results from the model inversion to the results from empirical
estimation, the spectral angle threshold of SAM classification was left open. In this way, the
not-classified category was not present.

After applying the SAM algorithm, a CBI value was assigned to each pixel in the image, the
result of which can be directly considered as a burn severity map.

Finally, the verification was performed extracting the values of pixels corresponding to the
same plots as in the empirical validation and by computing the RMSE between modelled and

observed CBI.

3. Results

3.1. Results of the field work

Most of the burned area presented very high observed CBI values. Only 28 of 103 field plots

have CBI values lower than 2.5, and 32 have CBI higher than 2.9. In all cases the burn severity

is higher in the understory than the overstory.
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3.2. Empirical fitting between spectral indices and CBI values

Table 1 shows the correlations between the CBI of the total plot and a number of variables:
reflective bands of the post-fire TM image, spectral indices and results from linear
transformation.

The CBI of the total plot correlated most strongly with Greenness (Tasselled Cap
transformation result) and ANDVI (r=-0.76 and r=0.76, respectively), followed by TM band 4
and NDVI (r=-0.75). NBR and ANBR had a correlation coefficient slightly lower (r=—0.72 and
r=0.73, respectively). These results suggest that the NIR is the most sensitive spectral region
for burn severity estimation. In contrast, the SWIR has a low sensitivity to minor differences in
high CBI values. This explains why TM band 7 (SWIR) had a low correlation (r=0.39), due to the

fact that most observed CBI values were high.

Table 1. Correlation (r of Pearson) between the CBI of the total plot and the following variables: spectral
bands (TM1 to TM7of post-fire image), spectral indices (NDVI, dNDVI, NBR and dNBR) and linear
transformation results (Albedo, Greenness and Moisture= results from Tasselled Cap transformation; H,
| and S= results from Hue, Intensity and Saturation transformation) of TM images. In bold are significant
(p< 0.05) values.

r Pearson correlation coefficients
CBI of the total plot
TM1 (0.45 -0.52 pum) 0.07
TM2 (0.52 -0.60 um) -0.19
TM3 (0.63 -0.69 um) -0.06
TM4 (0.76 -0.90 um) -0.75
TM5 (1.55 -1.75 pum) 0.05
TM7 (2.08 -2.35 um) 0.39
NBR -0.72
dNBR 0.73
NDVI -0.75
dNDVI 0.76
| -0.30
H 0.33
S -0.68
Albedo -0.31
Greenness -0.76
Moisture -0.54
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A total of 46 randomly sub-sampled plots were used to perform the linear regression.

Although only small number of unburned plots were also included, their relative weight in
the final linear fitting could be very significant. To avoid this, the coefficient D by CooK (SPSS)
was computed to test the influence of each CBI value used in the calibration of regression
model (Pefia Sanchez de Rivera, 1989). This analysis confirmed that all selected values of CBI
were acceptable (p<0.05).

The linear regression returned a model with the ANDVI and the S result of the HIS

transformation:

CBI = 1.679 + 2.83ANDVI — 9.574S (4)

This model explained 67% of the total variance and its fitting showed an Rzadjusted =0.66

(Table 2).

Table 2. Empirical fitting and model inversion performances.

EMPIRICAL FITTING MODEL INVERSION
REGRESSION VALIDATION VALIDATION
R? R%ad;. R? RMSE R? RMSE
0.82 0.66 0.85 0.64 0.84 0.48

In the verification phase, Eq. (4) was applied to the remaining 104 plots. The correlation
obtained was r* =0.85 (figure 4) and the RMSE between estimated and observed CBI was 0.64
(Table 2). However, there is a marked offset from the 1:1 linear fitting, due to the

overestimation of unburned plots.
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Figure 4. Scatter plot between estimated and observed CBI.

The unburned plots (CBI=0) were generally overestimated (figure 5), because this severity

level did not clearly correspond to a single value of estimators (ANDVI and S). According to the

composition of each plot, intermediate CBI values (0.9 < CBI <2.7) were either:

v" underestimated when the fraction of cover (FCOV) of the tree strata was high, and

over 50% of the scorched leaves remained on the tree crowns (plots 5, 11, 27, 58

and 62, figures 5 and 6A). In such cases the estimated CBI was more similar to the

observed CBI of the overstory.

v" Overestimated when the FCOV of the overstory was under 10% and the observed

CBI of the understory was high (plots 44, 47 and 54, figures 5 and 6B).

High burn severity levels (CBI>2.7) were underestimated although there does not seem to

be a clear relationship with the composition these plots.
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Figure 5. Comparison of observed (for the understory, the overstory and the total plot) and empirically
modelled values of CBI. Plot numbers are ordered according to the observed CBI values (total plot) from
0to 3.

Figure 6. Examples of under- (plot 27, A) and over-estimated (plot 44, B) plots using the empirical
method.

The severity map in figure 7 (top) was calculated using the empirical model. Since CBl is a
continuous index, the value of each pixel was represented using a colour scale with six
intervals that emphasize differences in high severity values. Unburned areas were masked
using the fire perimeter. Intermediate values are predominant in this map, due to the

overestimation of the lower CBI and to the underestimation of the higher CBI.
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Figure 7. Empirical (top) and simulated (bottom) burn severity maps.
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3.3. Model inversion results

The scatterplot between observed and simulated CBI values (figure 8) shows a high
correlation coefficient (r* =0.84), which is very similar to that of the empirical estimation
(r*=0.85). However, the RMSE was lower (RMSE=0.48, Table 2).

The verification results of model inversion showed a practically perfect estimation when

CBI=0 and CBI>2.7 (figure 9).
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Figure 8. Scatterplot between observed and simulated CBI values (validation phase).
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Figure 9. Comparison of observed (for the understory, the overstory and the total plot) and simulated
values of CBI (plots numbers are ordered by observed CBI values from 0 to 3).

26



However, for CBI from 0 to 2.7 the model inversion overestimated 15 plots which can be
divided into four case types:

v' Type A: one plot (99, figure 9) was probably badly located in the image. Since it was
placed between two firebreaks, it is possible that part of it was included in the
selected pixel (geometric correction errors).

v Type B: four plots (3, 61, 75 and 80, figure 9) had a very low FCOV (b10%) of tree
strata. In this case the CBI values simulated were very similar to the CBI of the
understory.

v' Type C: six plots (10, 28, 46, 58, 64 and 94, figure 9) had low FCOV and low CBI
values in the tree strata and high FCOV and high CBI values for the understory.

v' Type D: three plots (85, 77 and 86, figure 9) had a high FOCV in the tree strata.

Most scorched leaves remained on the tree crowns.

The estimation error in types C and D was due to the presence of two conditions which were
not considered in the simulation model (figure 10):
1. low LAI (or FCOV) and green leaves,
2. high LAl (or FCOV) and scorched leaves.

B

Figure 10. Examples of: A) low LAl and green leaves (P10); B) high LAl and scorched leaves (P62) in the
tree strata.
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Spectral signatures which fulfilled these two conditions were not included in the spectral
library used in the SAM classification, hence the error in these plots. If the SAM spectral angle
threshold had been constrained, these pixels would have probably been assigned as not
classified. However, in order to be able to compare these results with the empirical method all
pixels had to be classified.

Seven plots (2, 4, 5, 6, 12, 33 and 79, figure 9), which had an observed CBI between 1.7 and
2.7, were underestimated. These plots had a very high FCOV (>70%) of overstory and green
canopies which masked the signal of the understory.

A severity map was also generated for the model inversion method (figure 7). The map
shows three zones or belts in a NE-SW direction. The two outer belts show a great contrast
between very high and very low CBI values. The central belt is more homogeneous (very high
CBI), but since the colour scale emphasizes the small differences between CBI=2.7-2.9 and
CBI=2.9-3, which are due to the presence/absence of tree crowns, it is possible to identify
narrow stripes with high and very high CBI, parallel to the maximum slope line (figure 11). The
red plotted areas correspond to the zones which had a direct contact with the flames, whereas
the yellow—orange areas represent the areas where the crown was scorched by the high
temperatures from the surrounding the fire (figure 11). In the eastern sector and the northern

border, the linear elements plotted as CBI=0 correspond to fire breaks.

Figure 11. Photograph taken from a helicopter showing the NE-SW direction of stripes corresponding to
CBI values between 2.8 and 3 (courtesy of Dr. Domingos Viegas).
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4. Discussion

4.1. Critical factors in burn severity estimation from remotely sensed data

The original CBI field form proposed by Key and Benson (2004) did not consider the
percentage of dead leaves litter nor the FCOV of each stratum, but the results from the model
inversion suggest that both variables and their mixing effects are key factors of burn severity
estimation from remotely sensed data.

The first one can lead to an underestimation of the severity level of burned plots where high
canopy consumption took place. The reason for this is that the spectral signature of dead leaf
litter is very similar to the spectrum of a scorched tree canopy that has a medium—high LAl and

a charcoal soil background (figure 12).
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Figure 12. Spectral signatures of a scorched Quercus pyrenaica with charcoal background and a charcoal
soil covered by dead leaf litter, measured with a CROPSCAN multi-spectral radiometer.

Similarly, the second factor (FCOV of tree strata) can modify CBI estimation because it can
mask the signal of the understory. In such cases, the errors in severity determination depend
on the similarity between the CBI of the overstory and the CBI of the total plot. In the study
area the CBI of the understory showed almost a one to one relation with the CBI of total plot,
which was always higher than the CBI of overstory (figure 13). Therefore, CBI is

underestimated in the pixels which correspond to the field plots with a high FCOV in the tree

strata.
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Figure 13. Scatterplot between the CBI of the total plot and the CBI of the understory (top) and the
overstory (bottom).

4.2. Comparison between the empirical fitting and the model inversion method

The CBI values estimated by empirical and model inversion methods coincided only in seven
of the 104 plots used in the verification (P5, P48, P54, P64, PN3, PN18 and PN35, figure 14). In
the rest of plots, CBI values obtained from both methods were quite different.

Therefore, to better understand estimation dynamics of both empirical and model inversion
techniques, the RMSE between estimated and observed CBI was classified into three groups:
CBl under 0.5, 0.5 to 2.7 and over 2.7 (Table 3).

Since the unburned level corresponds to several types and biophysical conditions in the
vegetation, the model inversion, which uses all spectral information available, had a RMSE=0
(Table 3). However, the empirical fitting, which uses only ANDVI and S, had a RSME=0.65
(Table 3).
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Figure 14. Comparison of observed, simulated and empirically modelled values of CBI (plots numbers are
ordered by observed CBI values from 0 to 3).

The performance of the empirical fitting was better (Table 3) than the model inversion, for
the second range of burn severity considered (CBI=0.5 to 2.7). However, the mean residual in
either methodologies was not acceptable (RMSE>25% of the total range of the CBI).
Intermediate severity levels were the result of a high CBI contrast between the understory
(very high CBI values) and the overstory (low values). Thus, the FCOV of tree strata was the key
parameter that determined the estimation accuracy. The simulation showed best results for
high CBI (RMSE=0.30, Table 3), which is the most critical range for the post-fire assessment.

The empirical estimation showed similar mean residuals throughout the CBI ranges. In
addition, CBI variability observed was reduced since the empirical estimation overestimated
low CBI values and underestimated high CBI values. This can be seen in the final maps, where

intermediate CBI values are predominant.

Table 3. RMSE distribution of both empirical and inversion methods.

EMPIRICAL FITTING MODEL INVERSION
CBI <0.5 0.5-2.7 >2.7 <0.5 0.5-2.7 >2.7
RMSE 0.65 0.70 0.58 0 11 0.30
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Finally, observed high CBI values, as well as being the most important in terms of post-fire
assessment, are the most abundant in the study area. In contrast, the intermediate values,
which were poorly estimated by both models, were scarce. Therefore, for this study case the
model inversion method performed better than the empirical model. Future studies should
explore whether this conclusion is applicable to other sites with different ecosystems and

different ranges of CBI values.

5. Conclusions

Burn severity is a key factor in post-fire assessment, but has normally been estimated from
field observations and empirical fittings using remotely sensed data.

The first method is costly in terms of time and both human and economic resources, and
has a limited spatial coverage, although is critical in the verification phase of remote sensing
methods. Empirical fittings between remotely sensed data and field sampling measurements
of burn severity provide easy and generally accurate estimations of burn severity. However the
results are site-specific and difficult to apply in other areas. RTMs offer an alternative approach
to represent the variability of burn severity. Simulation results are independent of local
conditions and are therefore applicable to all site and sample conditions (Privette et al., 1996).
The accuracy of biophysical variable estimations from inversion techniques mainly depends on
the quality of the radiative transfer model and the type of inversion technique used, as well as
the a priori knowledge of the distribution of input variables (Gastellu-Etchegorry et al., 2003;
Weiss et al., 2000).

This study is a first approach to estimate burn severity using a model inversion method that
is independent of site conditions and adaptable to different sensor capabilities. Moreover, this
technique uses the total amount of spectral information available and not just single spectral
indices.

In this paper, the model inversion and the empirical fitting methods were compared, using
Landsat TM imagery. In order to identify the differences in the performance of both methods,
their RMSE were split into three ranges of CBI (under 0.5, 0.5 to 2.7 and over 2.7). The model
inversion method was more accurate than the empirical approach when CBI >2.7 (RMSE=0.30,
Table 3), which tended to smooth contrast in the lower and upper part of CBI scale. This is very
important for burn severity determination, since the higher burn severities are the most

critical for the post-fire assessment. In contrast, the simulation model was less accurate when
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CBI ranges from 0.5 to 2.7 (RMSE=1.1, Table 3), due to the noise effects caused by overstory
FCOV and dead leaf litter, which agrees with the conclusions of several authors (Cocke et al.,
2005; Chuvieco et al., 2006; Rogan and Franklin, 2001). In this range of CBI, the mean residuals
(Table 3) of the two techniques were not acceptable (RMSE>25% of the total range of the CBI).
High burn severity levels represent the majority of CBI values sampled in this study and are
best estimated from model inversion. The information derived from these burn severity maps
can be used to identify areas with different levels of burn severity, and thereby assist forest
managers in allocating resources for restoration efforts (Patterson and Yool, 1998).

In future work, simulation results are expected to be improved by introducing in the model
the spectral signatures of dead leaf litter, ash background and random combinations of LAl and
leaf colour parameters. The model will be applicable to other study sites and in different

ecosystems.
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Abstract

Traditional field-based methods for estimating burn severity are time-consuming, labour intensive
and normally limited in spatial extent. Remotely sensed data provide a means to estimate severity levels
across large areas, but it is critical to understand the causes of variability in spectral response with
variations in burn severity. Since experimental measurements over a range of burn severities are
difficult to obtain, the simulation tools provided by radiative transfer models (RTM) offer a promising
alternative to better understand factors affecting burn severity reflectances. Two-layer RTM, such as the
combined leaf (PROSPECT) and canopy (Kuusk) model can be used to simulate a wide range of burn
severity conditions. Specifically, the effects of changes in soil background, leaf colour and leaf area index
as a result of different burn severities can be simulated with two-layer RTM models in the forward
mode. This approach can provide a deeper understanding of the effects of each factor in satellite-sensed
reflectance, as well as their relative importance. Additionally, RTMs can also be used in an inverse mode,
and therefore burn severities can be retrieved from remotely sensed data by comparing measured and
simulated reflectance.

Examples of these two-way modes of RTMs are presented in this paper. Burn severity was measured
using the Composite Burn Index (CBI). The Kuusk model was used to simulate scenarios of different
combinations of changes in the substrate, upper vegetation, and lower vegetation strata. This paper
shows some results of inverting the simulated reflectances to estimate CBI from calibrated reflectance
derived from different satellite sensors. The case study is based on a large forest fire that affected
central Spain in July, 2005. Landsat-TM, SPOT-HRG, IRS-AWIFS, Envisat-MERIS and Terra-MODIS data
were used for this retrieval. Determination coefficients (r’) values range between 0.436 (MODIS) to
0.629 (Landsat-TM), with lower precision for the intermediate range of CBI values.

Keywords: burn severity, fire effects, forest fires, radiative transfer models, reflectance.

38



1. Introduction

Discrimination of different degrees in post-fire effect assessment is critical to improve
management of fire-affected areas, either to help natural regrowth, reduce soil erosion and
degradation, or improve landscape diversity (Key, 2005; Lachowski et al., 1997: Lentile et al.,
2006; Turner et al., 1994). Additionally, the degree of biomass consumed by the fire is one of
the key factors to estimate gas emissions derived from wildland fires (Chuvieco et al., 2004;
Epting et al., 2005; Michalek et al., 2000).

In recent years, several papers have tried to clarify the terminology of post-fire effects
assessment (Jain and Graham, 2004; Lentile et al., 2006). Following these papers, the term
burn severity will be used throughout this paper to refer to the analysis of post-fire
characteristics of vegetation and substrate after the fire is fully extinguished. When referring
to other papers, we will try to convert their terminology to this one, based on this “what is left
after the fire” concept.

Several authors have proposed field methods to discriminate burn severity based on
quantitative or qualitative criteria (Key and Benson, 2005; Lentile et al., 2006; Miller and Yool,
2002; Moreno and Oechel, 1989; Pérez and Moreno, 1998). These methods are laborious and
costly and present severe obstacles to be spatially representative.

Remotely sensed images have been used as an alternative because they provide a spatial
comprehensive view, are cost-efficient, and provide up to date information on landscape
conditions. In the last years, a large number of papers have explored the use of remote sensing
in burn severity assessment (Brewer et al., 2005; Cocke et al., 2005; Diaz-Delgado et al., 2003;
Diaz-Delgado et al., 2001; Epting et al., 2005; Kachmar and Sanchez-Azofeifa, 2006; Key, 2005;
Michalek et al., 2000; Miller and Yool, 2002; Parra and Chuvieco, 2005; Rogan and Franklin,
2001; Rogan and Yool, 2001; Roy and Landmann, 2005; Roy et al., 2006; Ruiz-Gallardo, 2004;
Sa et al., 2005; van Wagtendonk et al., 2004; White et al., 1996). These papers covered a range
of different techniques: spectral indices, principal components, classification, multitemporal
change detection, etc. Although most rely on Landsat-TM/ETM+ data, there are also some
examples of hyperspectral data (Parra and Chuvieco, 2005; van Wagtendonk et al., 2004).

One of the main difficulties of using these studies for global assessment of burn severity
from remotely sensed data is the empirical approach that has guided most studies published
so far. Empirical models are simple to calibrate and provide a quantitative estimation of burn
severity, but they provide little confidence on whether they are applicable or not to other

ecosystems or fuel characteristics.
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For this reason, the use of alternative tools for interpreting remotely sensed data is
desirable. In recent years, physical models have been proposed as a viable alternative to derive
quantitative information from reflectance calibrated images. Successful application of these
models has been reported in the estimation of chlorophyll (Zarco-Tejada et al., 2001), moisture
content (Danson and Bowyer, 2004), and dry matter (Riafio et al., 2005). Simulation models
attempt to account for the effects of different factors that modify plant reflectance and
transmittance: chemical composition, geometrical configuration, illumination and observation
angles, etc. The large number of proposed models can be classified into general groups
depending on their main assumptions: turbid medium models, geometrical models, stochastic
models and ray-tracing models (Liang, 2004). Most common models are based on the radiative
transfer equation and therefore are named radiative transfer models (RTM) since they account
for the multiple scattering of radiation as it interacts with the vegetation canopy and soil
background. Such interaction can be modelled assuming that the vegetation represents one or
more homogenous layers. Other possibilities include the consideration of discontinuous
canopies, such as row structure in crops or grid structure in tree plantations, and higher levels
of complexity such as the consideration of three-dimensional vegetation structure models
(Pinty et al., 2004). Although more complex models are closer to reality than those based on
homogeneous canopies, they require a large number of input variables, making them harder
to parameterize with real data.

Models can be used in forward and backward approaches (Liang, 2004). The former implies
changing the input parameters to simulate the effects of those changes in the final reflectance.
The latter inverts the given model, such that the input parameters that generated an observed
reflectance spectrum may be estimated. Burn severity studies have made very little use of
simulation models so far. Roy et al. (2005, 2002) used a RTM to simulate reflectance from
burned and unburned areas for different view and illumination angles of MODIS data. Their
goal was to obtain an automatic algorithm for mapping burned areas from multitemporal
acquisitions of MODIS data. Pereira et al. (2004) used a mixed geometrical-turbid medium
model to simulate whether understory fires could be detectable in the Miombo woodlands at
different tree densities. A forward RTM simulation for burn severity was recently proposed by
Chuvieco et al. (2006) to identify the most sensitive wavelength regions for burn severity
retrieval from remote sensing imagery. De Santis and Chuvieco (2007) compared the results of
inverting this simulation model with those obtained from an empirical model in the retrieval of
burn severity values from Landsat-TM images. Results from this inversion showed a good
agreement in the upper and lower part of the severity range, while more error occurred in the

central values.
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The objectives of this paper are twofold. First we tried to extend the RTM simulations
previously published (Chuvieco et al., 2006) by including a wider range of scenarios and input
conditions, with the goal of improving the middle range of the severity scale. The second
objective was to extend the estimations provided by model inversion (De Santis and Chuvieco,
2007) to other sensors, including both higher spatial resolution data: Landsat-TM, SPOT-HRG
and IRS-AWIFS; and lower: Envisat-MERIS and Terra-MODIS.

2. Methods

2.1 Reference Burn Severity Measure

Among the different procedures to measure burn severity, we selected the Composite Burn
Index (CBI) as the target estimation variable. CBI was originally proposed by Key and Benson in
1999 (Key and Benson, 2005) and was intended to provide a quantitative estimation of burn
severity that could be derived from satellite data. The index was developed within the
FIREMON project and has been widely used by researchers using satellite data for mapping
burn severity (Cocke et al., 2005; De Santis and Chuvieco, 2007; Epting et al., 2005; Key, 2005;
Lentile et al., 2006; Parra and Chuvieco, 2005).

CBI provides a semi-quantitative index of severity instead of using qualitative ranges (high,
medium, low) commonly adopted by other authors. This numerical rating facilitates the
statistical validation of the estimates derived from quantitative remotely sensed data. The CBI
is based on evaluating different variables associated with fire effects in different strata of a
field plot. The observations can be performed quickly and easily in the field, therefore
maximizing the number of plots that can be sampled with a fixed field effort. Five strata are
evaluated in the CBI: A: substrate (material lying on the floor); B: herbs, short shrubs and small
trees (<1 m tall); C: tall shrub and sapling trees (<5 m tall); D: intermediate trees (5 m to 20 m
tall); and E: large trees (>20 m tall). The first three are used to compute the CBI value of the
understory of the plot (A+B+C), while the last two forms the overstory (D+E). The final CBI for
each plot is the average of all strata, if they are present in that plot (A+B+C+D+E), or otherwise
the average of the strata present.

CBI score of each stratum is estimated after visual inspection of the plot, considering several
variables, including: % litter consumed, % foliage consumed, % living or re-sprouting species, %

green or brown leaves, height of charring, % canopy mortality (Key and Benson, 2005). A burn
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severity scale, adapted to each sampled variable, is used to quantify the impact from 0 (no

effect) to 3 (highest effect).

2.2 RTM Model Selection

The selection of the RTM for our study was based on the input requirements of the burn
severity estimation. The model should be sensitive to burn severity variations in different
vegetation layers, since CBI scores take into account five strata. From the available RTM in the
literature, the Kuusk Markov Chain Canopy Reflectance Model (MCRM) was selected (Kuusk,
2001) because it allows consideration of two vegetation canopies. It could therefore be used
to model any scenario with variations of soil substrate and two vegetation layers. This would
be the case when a tree canopy (with different levels of fire effects) has shrubs below (also
with various levels of fire effects), as well as a mixture of soil and charcoal in the background.
The Kuusk model considers that the vegetation is homogeneously distributed for each layer
and uses leaf optical properties derived from the PROSPECT model (Jacquemoud, 1990). The
canopy directional reflectance is generated based on the single scattering and diffuse fluxes
from each layer, using direct and diffuse solar irradiance.

One alternative to the Kuusk model would have been to use an RTM that considers the
three-dimensional structure of the vegetation such as Forest Light Interaction model (FLIGHT)
(North 1996), Discrete Anisotropic Radiative Transfer model (DART) (Gastellu-Etchegorry et al.,
1996; Gastellu-Etchegorry et al., 2004) or Geometric Optical Radiative Transfer model (GORT)
(Li et al., 1995; Ni et al., 1999). Although these models can provide a more realistic
characterization of heterogeneous vegetation canopies with individuals of various sizes and
fire severity levels, they are also much more complex to parameterize. The more simplistic
Kuusk model, on the other hand, is more easily parameterized due to its assumptions of
homogenous canopies, while still providing sufficient complexity through its inclusion of two
vegetation layers with independent input conditions. This model, therefore, it is well suited to

the vertical stratification of observed burn severity levels.

2.3 Input Conditions to Simulate CBI Values

To simulate CBI values with the Kuusk model, the four vegetation strata of the CBI approach
were reduced to two (Figure 1): the B and C strata of the CBI were identified with low

vegetation (lower canopy of the Kuusk model) and D and E strata were assumed to be the
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upper canopy in the Kuusk model. The CBI A (substrate) was considered as the soil background
of the Kuusk model. Each simulation had a corresponding CBI value, following the original
FIREMON criterion where the CBI of the plot is a simple average of the CBI for the five strata

(three in our case).

D+E
5-30m

B+C
1-5m

A +
Substrate ¢

Figure 1. Vegetation strata of CBI (left) and photograph of an area recently burned (right) in the fire used
as study case.

CBl is designed to measure burn severity from a set of variables that are critical in assessing
fire effects. However, not all of them can be simulated with reflectance models, and therefore
a further simplification of the CBI components was required for this study. The variables that
were taken into account for the simulations were: change in soil substrate, percentage of
foliage altered, and percentage change in vegetative cover. These variables were included in
the Kuusk model as described by Chuvieco et al. (2006). The input spectra for the simulations
were either measured using a GER-2600 spectroradiometer (Geophysical & Environmental
Research Corporation, Millbrook, NY) or taken from LOPEX database (Hosgood et al., 1994).
The former was the case for soil, ash, and charcoal spectra, while the latter was the case for
the green and brown leaf spectra (Figure 2). Variations in leaf colour (PFA) and canopy cover
(PCC) were simulated from the Kuusk model by assuming different proportions of green versus
brown leaves and changing the Leaf Area Index (LAl), respectively (Chuvieco et al., 2006). LAI

thresholds for full cover of vegetation were fixed at 2 for the lower stratum and 3 for the
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upper one. These values were based on LAl values for typical Mediterranean shrubs derived
from the literature (Scurlock et al., 2001) and from our own field data. CBI values for each
stratum were computed using the thresholds defined in the FIREMON protocol, while

intermediate values were obtained using linear interpolation.

Reflectance

400 900 1400 1900 2400 nm

Dark Charcoal Light Charcoal

Brow n leaf Soll

Green leaf

Figure 2. Input spectra used in the simulations.

2.4 Simulation Scenarios

Several simulation scenarios were considered to account for the diversity of post-fire
severity conditions and the complexity of potential pre- and post-fire changes. Four scenarios

were considered:

1.Single post-fire, assuming that fire causes simultaneous leaf consumption and leaf

browning.

2. Extended post-fire, supposing that fire may either consume the leaves or brown them or

both.

3. Multitemporal, by modelling changes in leaf colour and cover from fixed pre-fire

conditions.

4. Supervised approach, by selecting the most commonly found combinations of input

parameters from field experience.
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The first scenario was the simplest, assuming that changes in leaf colour and leaf cover
occurred in parallel. In other words, the larger the fire effect, the browner the leaves and the

lower the leaf area index were (Figure 3).

LAI

> -
Green / Brown leaves

i

al . =LAIbut

y -~ Brown Leaves

< LAl but

Green Leaves

Figure 3. Simulation strategies: top) PFA and PCC change simultaneously; bottom) PFA and PCC change
independently.
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To simulate this scenario, ten different cases for each stratum were considered, as indicated
in Table 1. From the 1,000 output cases, several filters were applied to avoid unrealistic
combinations of CBI values for the different strata (high crown CBI and very low CBI
underneath, for instance) following our field observations (Chuvieco et al., 2006; De Santis and

Chuvieco, 2007).

Table 1. Input parameters for the first simulation scenario (Chuvieco et al., 2006). A, B+C, and D+E are
the CBI strata, CBI refers to the Composite Burn Index, LAl is the Leaf Area Index.

A B+C D+E
% BURNED % LAI % LAI
CBl soIL CBI | DRY | ypjye | B DRY | vALUE
LEAVES LEAVES
0.00 0.0| 0.00 0.0 2.00| 0.00 0.0 3.00
0.33 33| 050 5.0 1.85 | 0.50 5.0 2.78
0.67 67| 100 10.0 1.70| 1.00 10.0 2.55
1.00 100 | 1.33 24.9 134 1.33 24.9 2.01
1.33 199 | 1.67 40.2 096 | 1.67 40.2 1.44
1.67 30.1| 2.00 55.0 0.60 | 2.00 55.0 0.9
2.00 400 | 2.25 72.5 0.40| 2.25 72.5 0.60
2.33 532 2.50 90.0 020 2.50 90.0 0.30
2.67 66.8 | 2.75 95.0 011 2.75 95.0 0.16
3.00 80.0| 3.00| 1000 0.01| 3.00 100.0 0.01

The second scenario assumed an independent variation of PFA and PCC, which implied that
leaves could become brown and still remain on the tree, or that the LAl could be reduced while
the remaining leaves maintained their green colour (Figure 3). Unlike in the first scenario, the
soil substrate in the second scenario included not only charcoal and soil, but ash as well. Ash,
which is the result of a full combustion process, is very important in the initial post-fire spectral
response, as several authors have pointed out (Pereira et al., 1999; Trigg and Flasse, 2000).
However, the ash signal is very ephemeral, because ash is commonly blown away by the wind
within a few days following a fire. For the second scenario, 19 combinations of soil, ash and
carbon were selected (Table 2). For the PFA and PCC, seven combinations of each were chosen
for each stratum. Therefore, a total of 49 cases were considered in the two vegetation strata.
The result of varying the substrate conditions plus the two vegetation strata created a total of

45,619 output cases. The same filters as in the first scenario were applied, including an extra
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one to remove unrealistic combinations of PFA and PCC. Cases with a high consumption of

leaves (high PCC) are very unlikely to occur without any change in leaf colour (low PFA).

Table 2. Variations of background for the second simulation scenario.

CASE % CHARCOAL % ASH % SOIL
1 0.00 0.00 100.00
2 5.00 0.00 95.00
3 3.75 1.25 95.00
4 2.50 2.50 95.00
5 10.00 0.00 90.00
6 7.50 2.50 90.00
7 5.00 5.00 90.00
8 25.00 0.00 75.00
9 18.75 6.25 75.00
10 12.50 12.50 75.00
11 40.00 0.00 60.00
12 30.00 10.00 60.00
13 20.00 20.00 60.00
14 70.00 0.00 30.00
15 52.50 17.50 30.00
16 35.00 35.00 30.00
17 100.00 0.00 0.00
18 75.00 25.00 0.00
19 50.00 50.00 0.00

Linear regressions between PCCe and PFA in each stratum were derived from our field data.
These linear models were then applied to the simulation cases, and cases with high residuals

eliminated. These linear models were as follows:

PCC. = PFA*0.9188 + 0.2858 for the lower vegetation, and
PCC. = PFA*0.8912 — 0.0008 for the upper vegetation layer.

Cases with higher or lower PCC than + PCC, were eliminated. A total of 4,100 cases remained

after applying all these filters.
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In both of the two first scenarios, it was assumed that before the fire the understory and the
overstory had the maximum LAl values (2 and 3, respectively). In other words, we modelled
the fire effects in a high-density forest area. Therefore, lower LAl values were assumed to be
caused by higher burn severity (leaf losses as a result of the fire) and not by lower leaf density
before the fire. This may not be realistic in those forested areas where recent fires or forestry
clearing have occurred.

A third simulation scenario considered the changes in spectral reflectance from before to
after the fire. While the same number of simulation cases was used for the post-fire condition
as in the second scenario, only four pre-fire cases with medium to high LAl values and full
green leaves were considered in both the lower and upper vegetation strata. This was done to
avoid a large number of combinations derived from very different pre-fire conditions. Changes
in PFA and PCC from those four pre-fire conditions were modelled by subtracting simulated
post-fire reflectances of the second scenario from the four pre-fire simulated reflectance
spectra (Tables 3a, 3b and 3c). Likewise, the image that was inverted was a pre-fire minus
post-fire image. In this scenario, any changes in LAl are more soundly related to changes in

canopy cover as a result of fire consumption than when using a single post-fire scenario.
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Table 3a. Pre- and post-fire conditions for 18 combinations of charcoal, ash and soil substrates used to
simulate multitemporal changes of burn severity. Simulations were conducted by subtracting each post-
fire condition from the corresponding pre-fire condition.

%CHARCOAL | %ASH %SOIL
PRE-FIRE CONDITIONS (%)
0.00 000 | 100.00
POST-FIRE CONDITIONS (%)
5.00 0.00 95.00
3.75 1.25 95.00
2.50 2.50 95.00
10.00 0.00 90.00
7.50 2.50 90.00
5.00 5.00 90.00
25.00 0.00 75.00
18.75 6.25 75.00
12.50 12.50 75.00
40.00 0.00 60.00
30.00 10.00 60.00
20.00 20.00 60.00
70.00 0.00 30.00
52.50 17.50 30.00
35.00 35.00 30.00
100.00 0.00 0.00
75.00 25.00 0.00
50.00 50.00 0.00

Table 3b. Pre- and post-fire conditions for six combinations of LAl values (PCC) for lower and upper
vegetation layers. Pre-fire condition ranged form medium to low for each layer. Simulations were

conducted by subtracting each post-fire condition from the corresponding pre-fire condition.

LOWER VEGETATION

UPPER VEGETATION

PRE-FIRE CONDITIONS (LAI)

PRE-FIRE CONDITIONS (LAI)

2.00

| 1.85 | 1.70 | 1.15

3.00 | 278 | 255 | 1.73

POS

T-FIRE CONDITIONS (LAI)

POST-FIRE CONDITIONS (LAl)

1.85

1.71 1.57 1.06

2.775 | 2.57 2.36 1.60

1.70

1.57 1.45 0.98

2.55 2.36 2.17 1.47

1.15

1.06 0.98 0.66

1.725 | 1.60 1.47 0.99

0.60

0.56 0.51 0.35

0.9 0.83 0.77 0.52

0.20

0.19 0.17 0.12

0.3 0.28 0.26 0.17

0.01

0.01 0.01 0.01

0.01 0.01 0.01 0.01
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Table 3c. Pre- and post-fire conditions for six combinations of leaf colour (PFA) for percentage of
dry/green leaves, optical thickness (N), chlorophyll content (Ca+b), brown pigment content (Cb), water
content (Cw) and dry matter content (Cm). Simulations were conducted by subtracting each post-fire
condition from the corresponding pre-fire condition.

% DRY / GREEN LEAVES N Catb |Cb | Cw Cm
PRE-FIRE CONDITIONS

0 1.4 42 | 30 [0.0075 0.006
POST-FIRE CONDITIONS

12.5 1.6 39 |34 ]0.0056 0.006

25 1.8 39 |42 ]0.0050 0.006

43.2 1.9 34 | 60 ]0.0031 0.006

80 2.5 28 |[91)0.0013 0.006

95 2.9 28 |102]0.0006 0.006

100 3 28 |106|0.0006 0.006

All simulations consider a wide range of combinations of the input parameters, which could
cause confusion in the model inversion, because similar reflectance properties could be
derived from different combinations of input parameters. As a result, similar reflectance
patterns would correspond to different CBI values. This situation has been observed in other
applications of RTM inversion (Combal et al., 2002). For this reason, we considered a fourth
simulation scenario, that was named post-fire “supervised approach,” in which we selected
only those input conditions that are the most common in Mediterranean fires, according to
our field experience. In other words, instead of using the full range of variation for the input
variables, only a limited number of cases were selected. This small set of spectra was extracted
from the modelled spectra obtained in the second simulation scenario. It should be stressed
that these spectra are derived from the simulations and not from the image, so they are
independent of image conditions. Table 4 includes the simulation cases that were selected for

this supervised model.
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Table 4. Input conditions for the supervised simulation scenario. The CBI value of each stratum may be
different regarding leaf conditions (PFA) and canopy cover (PCC) as in the second simulation.

AVERAGE | LOWER VEGETATION UPPER VEGETATION SUBSTRATE
CBI %Dry leaves LAI %Dry leaves LAI CBIA TYPE
0.00 0 0 0 0 Soil
0.00 0 0 0 0 Soil
0.00 25 25 0 0 Soil
0.40 25 1.2 0 0 0 Charcoal 10%
0.50 25 1.2 25 0 0 Charcoal 10%
0.70 43 0.6 25 2.78 1 Soil
1.00 25 0.01 25 1.8 1.5 Charcoal 100%
1.50 43 1.2 43 1.8 1 Charcoal 10%
1.50 100 1.7 100 2.55 1.5 Charcoal 100%
1.60 95 0.01 25 0.5 0 Charcoal 12.5%+Ash 12.5%
1.70 80 0.2 25 2.55 Charcoal 25%
1.90 80 0.6 80 0.9 3 Charcoal 100%
1.90 2.5 0.6 25 1.8 1.5 Charcoal 25%
2.00 100 0 0 0.9 3 Charcoal 100%
2.00 100 1.2 100 2.55 1.5 Charcoal 25%
2.00 95 0.6 43 1.8 3 Charcoal 100%
2.10 80 0.2 95 1.8 3 Charcoal 100%
2.30 95 0.6 80 0.9 3 Charcoal 100%
2.30 100 0 80 0.01 3 Charcoal 100%
2.50 95 0.01 95 0.3 1.5 Charcoal 25%
2.70 100 0.2 100 0.3 3 Charcoal 100%
2.80 100 0.01 100 0.01 3 Charcoal 100%
3.00 100 0.01 100 0.01 3 Charcoal 100%
3.00 100 0.01 100 0.01 3 Charcoal 100%
3.00 0 0 0 0 3 Charcoal 75% + Ash25%

2.5 Forward and Backward Simulation

Forward simulation was based on the input parameters described above. All simulations

were performed for the spectral range of 400 nm to 2,400 nm, at 10 nm-intervals giving a total

of 201 spectral bands per modelled spectrum. To reduce model complexity, some variables

were kept fixed through all simulations: leaf angle distribution

plagiophile, leaf shape =

ellipse form (eccentricity = 0.95), sun zenith angle = 30°, nadir angle = 0°, azimuth angle = 0°.
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Forward simulations are useful to analyze the effect of input parameters in the simulated
reflectance to better understand their importance in the final output, as well as to identify
which bands are more sensitive to each input parameter. In our case, we were interested in
determining which bands or band combinations were more sensitive to variations in soil
substrate, leaf colour or leaf cover, as they are combined in the CBI computation.

The simulations generated in the different scenarios can then be related to reflectance
values as extracted from satellite data. The most similar spectra between each observed
spectrum and the whole range of simulated spectra should provide an estimation of the input
parameters that generated that particular spectrum. This is the basis for the inversion of RTM,

which is based on minimizing the merit function:

7 =Y [o -M(©,X,)F W

where X is the difference between the observed reflectance (p) and the modelled
reflectance M(0O, X), for a certain set of input parameters (0, X), with X being the value to be
estimated, and n the spectral wavelengths of the input image.

There are several alternatives for model inversion in the literature: iterative processes,
neural networks, statistical fitting and previous generation of a look up table (LUT) (Liang,
2004). The look up table is used in this paper because it is quicker and provides a control
scenario for searching for the input parameters. The LUT includes the output from running the
RTM for the different simulation scenarios (M(©, X) as stated in equation 1), so the inversion
process does not need to run the model again, but rather it focuses on finding which observed
reflectance spectrum is the most similar to the modelled one.

For the merit function of “similarity,” several strategies are used, the most common of
which was the minimum quadratic distance (as formulated in equation 1). In this paper,
several methods were explored based on hyperspectral methods of classification. The most
robust for our purposes was the Spectral Angle Mapper (SAM; Kruse et al., 1993), which
calculates the angle between two spectral vectors with the same origin and selects, for each
pixel in the image, the reference spectrum with the lowest spectral angle. In this case, the
reference spectra were produced by the simulations and stored in the LUT along with their CBI
value. Once the reference spectrum with the minimum spectral angle was selected, the image

pixel was labelled with the CBI value of the reference spectrum.
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2.6 Study Site

The efficiency of model inversion from the different simulation scenarios was tested using a
large forest fire that recently occurred in central Spain (Figure 4). The fire occurred in the
middle of July 2005 and was caused by human carelessness under very dry weather conditions:
maximum temperature 35 ° C; relative humidity 22%; 30 days since the last rainfall event; wind
speed 10-23 Km/h. The fire lasted four days and burned approximately 13,000 ha in an area
dominated by pine trees (Pinus pinaster L.) mixed with semi-deciduous oaks (Quercus faginea
Lam. and Quercus pyrenaica Willd.) and a marginal sector covered mostly by Mediterranean
shrubs (Cistus ladanifer L., Cistus albidus L., Rosmarinus officinalis L., Juniperus oxycedrus L.,
Rosa canina L., Cytisus scoparius L., and Lavandula pedunculata L.).

Eleven fire-fighters died while suppressing the fire, which caused a great impact in the

national media.

Figure 4. Location of the study case.
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The topography of the area is rugged and the altitudes range from 1,100 m to 1,400 m.
Rainfall in the region averages 600 mm to 800 mm per year. Maximum and minimum
precipitations are recorded in November to December, and in July to August, respectively.

The average annual temperature is 12 °C.

A field campaign to obtain CBI values for the burn area was undertaken between August and
September, a few weeks after the fire. Therefore, the measured CBI values reflect the short-
term burn severity, using Key’s terminology (Key, 2005). A total of 103 plots were sampled in
the field using the CBI protocol. Plot coordinates were registered with a Garmin GPS system
(GARMIN GPS 12, http://www.garmin.com), with an average precision of + 10 m. Most of the
burn area presented high CBI values. Only 18 out of 103 plots had CBI values lower than 2, and
31 had CBI higher than 2.9. In spite of being a large fire, the severity values did not cover the
whole spectrum of possible CBI values, and intermediate levels (CBI between 1 and 2) were
uncommon. This imposed a challenge for verifying the performance of the inversion results, as

will be discussed later.

2.7 Image Processing

Sensors with different spectral and spatial resolution were used for testing the robustness
of the model inversion results. Table 5 shows the spatial and spectral characteristics of the
images used. In spite of the large differences in spectral and spatial resolution, all images
showed a clear and similar pattern in their portrayal of the burn area (Figure 5). They were
acquired between 15 to 30 days post-fire, except for SPOT-HRG that was collected 60 days
post-fire.

The images were geometrically corrected using reference data extracted from a previously
ortho-rectified Landsat image. The SPOT-HRG, Landsat-TM and AWIFS images were converted
to radiance using calibration coefficients included in the image header. Atmospheric correction
was based on the dark-object method proposed by Chavez (1996). They were also corrected
for topographic shade using a variation of the Teillet’s C correction method (Riafio et al., 2003).
MERIS and MODIS images were obtained from the FR2P-level 02 product and the standard
MODO09 reflectance product respectively, which include radiometric calibration and

atmospheric correction.
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Table 5. Spatial resolution (m) and center wavelength (um) of the sensors used for this study.

SENSOR
SPOT-HRG | LANDSAT-TM? | IRS-AWIFS | ENVISAT-MERIS | TERRA-MODIS
SPATIAL RESOLUTION (m)
10 /20 | 30 | 60 300 500
BAND CENTER WAVELENGHTS (um)
1 0.545 0.487 0.555 0.413 0.469
2 0.645 0.571 0.650 0.442 0.555
3 0.835 0.661 0.815 0.490 0.645
4 1.675" 0.837 1.625 0.510 0.857
5 1.677 0.560 1.240
6 Thermal ? 0.620 1.640
7 2.215 0.665 2.130
8 0.681
9 0.709
10 0.754
11 0.778
12 0.865
13 0.885
'HRG 1.675 um has 20 m resolution. “Landsat-TM thermal band was not considered.

a) SPOT-HRG b)
Landsat-TM, ¢)
IRS-AWIFS, d)
ENVISAT-
MERIS, e)
TERRA-MODIS

Figure 5. Images used for the model inversion: a) SPOT-HRG, b) Landsat-TM, c) IRS-AWIFS, d) ENVISAT-
MERIS, e) TERRA-MODIS.
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3. Results

3.1 Comparison of simulated and actual reflectances

To simplify the comments, the comparison of simulated and observed reflectances will be
based on Landsat-TM images because it provides the best compromise between spatial and
spectral resolution from our image dataset.

Figure 6 shows the spectral reflectance of simulated and actual spectra for a set of sample
ranges of CBI values from the supervised post-fire simulation. The image spectra were
extracted from the post-fire Landsat-TM image. It is noticeable that the observed reflectance
for the lower values of CBI is significantly lower than the simulated reflectance, which may be
caused by our RTM assumptions, as will be discussed later on. This discrepancy in absolute
reflectance values between the modelled and the observed reflectance supports the use of the
SAM as the most appropriate strategy for model inversion because SAM relies on directions of
spectral vectors and not on absolute values. The higher CBI values show a closer fit between

observed and simulated reflectance.

3.2 Performance of Simulation Models for Retrieval of CBI

Table 6 presents the results for the estimation of CBI using the inversion of simulated values
for the Landsat-TM images. All Pearson r values are highly significant and provide coherent
trends. Slope is close to 1 for the post-fire scenarios (single, extended, and supervised), while it
is lower for the multitemporal simulation. The multi-temporal scenario also has the lowest r
value, which is mainly caused by the small sensitivity of the model to low CBI values. The slope
values of less than 1 indicate that underestimations occurred frequently for all scenarios. The
standard errors of the estimation are in the range of 0.47 to 0.68. This is about one sixth of the
total CBI range, which implies that CBI values can be estimated with fairly good accuracy. The
best results were obtained in the fourth (supervised) scenario, where only a selected set of
substrate, PFA and PCC combinations, were extracted. This scenario is by far the simplest one
because it only requires 25 reference spectra and performs better than others, especially
when considering the total correlation, standard error, and average extreme residuals. Figure 7
shows a map of the study case with the spatial variation of CBI values for this fourth simulation
scenario. The spatial patterns show a good agreement with field-observed severities, especially

for the upper part of the CBI scale.
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Figure 6. Comparison of simulated (S) spectra and actual TM data (F) for several ranges of CBI values.
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Figure 7. Estimation of CBI values for the study area from the inversion of the fourth simulation scenario
(supervised) with Landsat-TM images.

3.3 Comparison of sensors

Using the LUT generated for the supervised simulation scenario, inversion techniques were
applied to the other images of our study case. The spectral library created for the LUT was
convolved to the center wavelengths of the SPOT-HRG, IRS-AWIFS, ENVISAT-MERIS and TERRA-
MODIS sensors. The results are included in Figure 8, which shows the scattergraph between
observed and predicted CBI values for the different sensors. The higher accuracy was obtained
by the Landsat- TM reflectance data, which has the best compromise between spectral and
spatial resolution of all images used. The second best result was obtained from AWIFS data,
instead of the SPOT-HRG, as we had hypothesized. In spite of having the same spectral
resolution, the finer pixel size of SPOT-HRG apparently tends to create more spatial variability,
which confounds estimation problems.

The coarser resolution data perform generally well, with r* values in the range of 0.5. MERIS
offers a greater sensitivity than MODIS, which is likely caused by both greater spectral and
spatial resolution. In general, all sensors analyzed tend to underestimate the CBI value, with

regression intercepts between 0.7 and 2.2.

58



y = 0.265x + 2.223
R2=0.535

y =0.307x + 2.080
R?=0.436

y =0.386x + 1.874
R2=0.617

y = 0.406x +1.743
R2=0.480

y =0.733x + 0.738
R2?=0.629

CBI ESTIMATED

A CBI_MERIS
+CBI_MODIS
BCBI_AWIFS
®CBI_SPOTm
*¢CBLTM

0 A4 T T T T T 1

0 0.5 1 15
CBI OBSERVED

N

25 3

Figure 8. Comparison of simulation results for different sensors using the same LUT.

4. Discussion

This paper has presented several approaches to the use of RTM simulation for burn severity
estimation using different satellite images. The study has shown the common advantages and
disadvantages of simulation models in the interpretation of remotely sensed images.

The most important disadvantages refer to the complexity of selecting and parameterizing
the RTM so it can provide a similar pattern to observed reflectance. As it was shown in Figure
6, the actual reflectance values clearly differ from modelled values in the lower part of the CBI
scale, which is when vegetation is greener and more dense. This problem may be associated to
the Kuusk model assumptions. Kuusk’s is a canopy model, and therefore, when simulated and
pixel reflectances are compared, it is assumed that each pixel is fully covered by a canopy. In
the case of forested areas, this assumption implies that shade and soil are only affecting the
canopy but not the areas outside the canopy. Typically, a Landsat-TM pixel would be a
combination of vegetation canopies (one or several, depending on vertical structure, but this is
taken into account in the Kuusk model), soil background, and shadows. When the canopy
cover is close to 100%, this assumption may be valid. However, in other cases where the
canopy is sparse such as in our area, the assumption is not as valid. Consequently, the use of
landscape scale or geometric models (such as Geosail, GORT, DART) that account for

discontinuous canopies would be more desirable. However, these models do not provide
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simulation for vertical stratification, which is very important in burn severity determination,
and was one of the reasons for our selection of the Kuusk model.

In any case, regardless of the canopy versus landscape approach, our simulations perform
well in modelling spectral shape across all the bands. In this respect, tendencies between
simulated and observed spectral shape are more similar than absolute reflectance values,
which supports the use of the Kuusk model as a first approximation to burn severity
simulation.

As far as parameterization is concerned, this paper has explored the use of four simulation
scenarios, testing a wide range of assumptions regarding burn conditions. It has been shown
that extending the range of input conditions does not necessarily improve the results of
inversion, but rather it decreases them. The ill-posed problem (Combal et al., 2002) of model
inversion may be behind this lack of improvement because very similar reflectance patterns
can be derived from different CBI values and that introduces noise into the inversion process.
Therefore, additional efforts are required to obtain models and simulation scenarios that can
be more confident in providing consistent reflectance signatures for specific burn severities.

As far as multitemporal change is concerned, the reduction of accuracy with respect to the
supervised post-fire simulation scenario is probably caused by the multiplying effect of
potential noises introduced by radiometric correction in pre-fire and post-fire images.

In spite of all these difficulties, it has been demonstrated that model inversion is a quick and
universal mechanism to estimate CBI values because it is sensor and site independent. The
same simulation scenario was applied with consistent results with different sensors. Only one
study case has been presented here, but the physical basis of our simulation should be
applicable to other fires with similar ecosystem characteristics: ie., Mediterranean fires. In any
case, it is important to emphasize that model inversion does not require any field data,
assuming of course that the model is properly parameterized and validated. In other words,
the relations are not dependent on the specific burn conditions, but are associated to
ecophysiological changes caused by fire (changes in soil background, leaf colour or leaf cover
proportion).

As far as accuracy concerns, the supervised scenario provided similar results to other study
cases based on empirical equations with an r® close to 0.65. For instance, Cocke et al. (2005)
obtained 73% to 75% agreement to estimates CBI from Landsat multitemporal images using an
empirical model with the Normalized Burn Ratio (NBR) in Arizona. Similarly, Epting et al. (2005)
found r correlations between 0.63 and 0.9 again using the CBI and the NBR in Alaska boreal
forest, while van Wagtendonk et al. (2004) found r? values of 0.83 in the Yosemite National

Park, although they used a polynomial model to relate CBI and changes in NBR. In this context,
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the simulation scenarios provide a good alternative to derive CBI estimations from empirical
models as the field measurements can be focused on validating the results.

Future improvements of this simulation approach should include new models that take into
better account the shade and soil variation to be expected in forested areas within a pixel.
Geometrical and hybrid models should be tested in this regard. Additional effort is also needed
to parameterize the input variables to reduce factors of noise that have been observed in our
full range simulations.

In summary, this paper has shown that simulation models have a great potential in burn
severity estimation. First, because they provide a physical explanation for relations observed
empirically, they make it possible to generalize local findings. Secondly, they reduce the
amount of field work required to extract severity information from remote sensing images
because the interpretation is not based on statistical fitting. Finally, they provide a much wider
range of conditions than those that are commonly observed in a single fire, regardless of fire
behaviour patterns, since the output conditions can be simulated for a wide range of
scenarios. The main drawbacks of simulation models are the complexity of their formulation

and calibration.
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Abstract

Burn severity estimation is a key factor in the post-fire management. Remote sensing studies of burn
severity have generally focused on the performance of specifically designed spectral indices when
correlated against field estimation and, overall, results have been inconsistent. Therefore, this paper has
studied the relationship between the widely used Composite Burn Index (CBI) and spectral data, using a
simulation analysis. Subsequently, a modified version of this index, called GeoCBl, is proposed. The new
index takes into account two critical parameters: fraction of cover (FCOV) per vegetation stratum and
changes in the leaf area index (LAl). Compared to CBI, field results show that GeoCBI is more related to
spectral signatures of burned field plots. In addition, GeoCBI maintains the ecological meaning of CBI
and the changes in the field protocol do not increase the difficulty of field work.

Keywords: Forest fire; burn severity; CBI; GeoCBl; simulation analysis; PROSPECT; GeoSail; spectral
indices.
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1. Introduction

Forest fires can be a major ecological disturbance agent that modifies landscapes, especially
when normal fire frequencies and/or intensities are modified. The main negative fire effects
are: vegetation biomass loss, soil degradation (Doerr et al., 2006; Garcia-Haro et al., 2001,
Salgado et al., 2004, Lewis et al., 2006) and greenhouse gas emissions (Andreae and Merlet,
2001; Nagahamaa and Suzuki, 2007; Narayan et al., 2007). Due to the wide range of spatial and
temporal scales, the interpretation of causal factors, fire effects and ecosystem responses are
a growing challenge for both researchers and managers (Lentile et al., 2006).

To clarify the complex interaction between fires and ecosystems, two different orders of fire
effects have been proposed (Key, 2006). The first-order effects, which are associated to the
short-term response immediately after the fire and correspond to the ecological consequences
on the biophysical pre-fire components (Key and Benson, 2005). The second-order effects
(long-term response) describe the recovery of the ecosystem from the impacts of the fire
(Kasischke et al., 2007). Both short and long-term post-fire effects on vegetation and soil, as
well as other subsequent processes, can be estimated in terms of “burn severity” (Chuvieco et
al., 2006; De Santis and Chuvieco, 2007; Jain, 2004a; Key and Benson, 2005; Lentile et al.,
2006; van Wagtendonk et al., 2004; White et al., 1996), which can be defined as the amount of
damage or change of a burned area respect to the pre-fire scenario (Key and Benson, 2005).

A detailed and rapid knowledge of the level of damage and its spatial distribution (burn
severity map) is essential to quantify the impact of fires on landscapes (van Wagtendonk et al.,
2004), select and prioritize treatments applied on site (Bobbe et al., 2001; Patterson and Yool,
1998), plan and monitor restoration and recovery activities and, finally, to provide baseline
information for future monitoring (Brewer et al., 2005).

Several methods have been proposed to estimate burn severity on site, using a post-fire

field evaluation of soil and vegetation conditions (table 1).
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Table 1. Field variables assessed to estimate burn severity.

VARIABLES ASSESSED IN THE FIELD

REFERENCE

Percentage of tree basal area mortality

(Chappell and Agee, 1996)

(Jain and Graham, 2004b; Rogan and
Yool, 2001)
(Turner et al., 1994; Wang, 2002; Wells
and Campbell, 1979)

Decrease in plant cover

Volatilization or transformation of soil
components to soluble mineral forms

Proportion of fine branches remaining on
(Moreno and Oechel, 1989)
the canopy

(Doerr et al., 2006; Kokaly et al., 2007;
Kushla and Ripple, 1998; Patterson and

Yool, 1998; Rogan and Franklin, 2001;

Ryan and Noste, 1985)
(Smith et al., 2005b)

(Chuvieco et al., 2007; Cocke et al., 2005;
De Santis and Chuvieco, 2007; Epting et
al., 2005; Key and Benson, 2005; Miller
and Yool, 2002; Miller and Thode, 2007,
Sorbel and Allen, 2005; van Wagtendonk
et al., 2004; Wimberly and Reilly, 2006).

Degree of canopy consumption and
mortality

Char and ash cover

Composite Burn Index (CBI, Key and
Benson, 2005) and its modifications

However, the definition of a common field index to quantify fire effects would ensure
consistent and comparable results (Key, 2006). An example of this attempt is the Composite
Burn Index (CBI, Key and Benson, 2005), which was developed as an operational methodology
for burnt severity assessment on a national scale in the U.S, in the framework of the FIREMON
(Fire Effects Monitoring and Inventory Protocol) project. CBI discriminates burn severity
variations in forests better than in shrublands and grassland (Kasischke et al., 2007; Key and
Benson, 2005). According to Key and Benson (2005), CBI was also focused on estimating the
main field variables which determine the reflectance of pixels of medium resolution satellite
imagery, namely Landsat TM. Thus, the CBI field form includes the average conditions of soil
and plant communities in 30m-diameter plots. Fire effects are assessed at five vertical strata,
organized in a hierarchical structure (table 2). The principal field variables estimated are litter
and fuel consumption, changes in soil colour, foliage alteration, canopy mortality and char
height. These attributes are rated in numerical scores ranging from 0 (unburned) to 3
(completely burned), by at least two field observers. Different attributes per stratum are

scored and averaged into understory, overstory and overall composite rating.
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Table 2. Hierarchical structure of the CBI.

A: Substratum

UNDERSTORY | B: Herbs, low shrubs and tree < 1m
C: Tall shrubs and trees=1to 5 m
D: Intermediate trees =5 to 20 m
E: Large trees>20m

CBIl of TOTAL
PLOT

OVERSTORY

Although field estimations are not operative for mapping burn severity systematically in
large areas, they are still necessary to calibrate and validate remote sensing methods. In fact, a
number of empirical remote sensing studies have attempted to estimate burn severity, even
though results have been generally inconsistent.

The traditional approach has been to correlate field CBI with spectral indices, such as the
Normalized Burn Ratio (NBR, Key and Benson, 1999), the difference between pre- and post-fire
NBR (dNBR, Key and Benson, 1999) and, more recently, the relative delta Normalized Burn

Ratio (RANBR, Miller and Thode, 2007):

NBR = M (1)
paA+ pl
dNBR = NBRpge pire = NBRposr_pire @)

NBRpre_rire = NBRposr_rire

RANBR =
-/ ABS(NBRpge_p e /1000)

(3)

where p, and p; are the reflectance of band 4 (near infrared, NIR) and band 7 (short wave
infrared, SWIR) of Landsat TM, respectively.

Having analyzed the results of 10 different studies that correlated dNBR and/or RANBR with
the CBI, Kasischke et al. (2007) found that:

- in Western U.S. coniferous forests, r’ ranged from 0.49 to 0.89;

in North American boreal forests, r ranged from 0.11 to 0.88;

- in Alaskan boreal forests, r ranged from 0.01 to 0.81.

The lowest correlations were generally explained by the non-linear relationship between CBI
and dNBR, together with a signal saturation when CBI >2.3 (van Wagtendonk et al., 2004).
Moreover, the estimation accuracies were only quantified using the correlation coefficient r?,

without considering other statistical ways of quantifying estimation errors, such as the Root

70



Mean Square Error (RMSE) between observed and estimated values or the dispersion of the
point distribution with respect to the 1:1 linear correlation. Table 3 lists cases in which, despite

the high r* coefficients, estimation accuracies were rather low (high omission/commission

errors).
Table 3. Examples of low accuracy in burn severity estimation.
CLASS WITH
SEVERITY INDEX 2 OMISSION | COMMISSION
REFERENCE R KAPPA LOWER
CLASSES USED ST ERROR ERROR
& Low 0.75 0.5
Epting et al b,
P 2505 " low, dNBR | 0.7 | 0.525
moderate' Moderate 0.45 0.57
high)
4 0.4
(unchanged dNBR 9 0.411 Low 0.40 0.43
Miller and Iowg ’
Thode 2007 ’ ) Unchanged 0.25 0.58
ode, moderate, | RANBR 0.6 0.421
high) 1 Low 0.45 0.45

Therefore, due to the heterogeneity of the results obtained combining CBI with either NBR,
dNBR or RANBR, it may be necessary to re-evaluate the utility of both the (1) remote sensing
methods and (2) the field index used for assessing fire impacts (Kasischke et al., 2007).
Regarding the first aspect, the studies carried out by Roy et al. (2006) in different
environments did not find evidence that the NBR is an optimal spectral index for short-term
burn severity estimations. However, whether these inconsistent relations are caused by the
NBR (or dNBR) or by the CBI has not been clearly demonstrated.

Therefore, the main purpose of this paper is first, to analyze the relationship between CBI
and reflectance and, second, to adapt CBI to remote sensing estimation of burn severity. The
modifications on CBI intend to preserve both its ecological meaning and its straightforward
approach. Finally, the validation is carried out in Mediterranean areas considering only first-

order (short-term) effects.
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2. Data and methods

2.1. Suitability of CBI

Although CBI was originally designed for remote sensing applications and it is the most
widely used burn severity field index (table 1), its correlation with the spectral response of
burned areas is subject to improvement. In the computation of the average CBI of the total
plot, all vegetation strata are assigned the same weight, regardless of their degree of coverage
within the field plot. However, from a remote sensing point of view, the spectral response of
the total plot is strongly related to the vegetation coverage per stratum, which CBI does not
record. Therefore, the same CBI value could be assigned to plots with different spectral
responses. In such cases, burn severity estimation from remotely sensed data will inevitably
produce errors, regardless the specific spectral technique applied (spectral indices,

classification methods, etc.). The following section explains this point in detail.

2.2. The effect of vegetation coverage on the spectral response: a simulation analysis

The quantity of vegetation per stratum within a given plot can be described using two
variables:

- Leaf Area Index (LAI): the area of leaf surface per unit of soil surface (Ceccato
et al., 2002a).

- Fraction of Cover (FCOV): percentage of coverage in respect to the total plot
area.

For burn severity estimation, the change in LAl due to the fire is a key factor to assess the
level of damage within each vegetation stratum. In addition, FCOV is a means of quantifying
the contribution of each vegetation stratum (with a given LAI) to the total plot reflectance.

In order to quantify the effect of FCOV on plot-level reflectance, a simulation analysis was
carried out for forested areas. Two widely used radiative transfer models were combined:
PROSPECT (at leaf level, Jacquemoud, 1990) and GeoSail (at canopy level, Huemmrich, 2001).

At leaf level, the CBI field form records the percentage of two types of leaves which are
present on the canopy: green (undamaged) and brown (damaged) leaves. PROSPECT was then
run in forward mode to simulate only one representative spectrum for each of these two

reference leaf types (green and brown). The model input values (table 4) were fixed using both
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literature and field data (De Santis and Chuvieco, 2008). Finally, the outputs of the PROSPECT
model (i.e. the two simulated leaf spectra) were then used as inputs for the GeoSail model

(figure 1, a).

Table 4. Input values of simulation at leaf level.

GREEN BROWN
L LR LEAF LEAF
Leaf structural parameter: N 2.5 2.5
Chlorophyll a+b content:  Ca+b (pg/cm?) 70 20
Equivalent water thickness: Cw (g/cm?) 0.048 0.0008
Dry matter content: Cm (g/cm?) 0.035 0.035
Brown pigments content:  Cs (%SLW) 0.2 1.5

At canopy level (table 5), five burn severity scenarios were simulated (from high severity to

unburnt), which are based on field experience and correspond to representative CBI values.
For each severity scenario, 10 spectra were generated, keeping fixed all inputs and varying
only the FCOV from 0.1 to 1. Both the understory and the overstory are assigned the same

FCOV value, which increase also at the same time in every simulation step.

Table 5. Parameterization of the model at canopy level (DCH= dark charcoal, strata B+C= understory,
strata D+E= overstory, LAD= Leaf angle distribution; Rv to Rh= Crown height to width ratio).

SIMULATION AT CANOPY LEVEL

BURN SEVERITY
ST HIGH MODERATE-HIGH MODERATE LowW UNBURNT
CBI 2.45 0.9 0
3
- 7 S
EXAMPLE .
LR :
s R
strata #5’;: BROWN BROWN GREEN
B+C LAI 1.7 0.5 1
LEAF
strata | oo BROWN BROWN GREEN GREEN GREEN
D+E LAI 0.01 0.1 0.7 1.8 2.5
SUB-STRATUM 50% SOIL
s DCH DCH DCH 0% DCH SoIL
LAD= spherical; Rv to Rh= 2.36; Sun zenith angle = 302; Crown shape= cone;
OTHER INPUTS
(fixed) ) ) )
NOTE: all simulations were performed from 400 to 2400 nm, at 10 nm-intervals.
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Figure 1. (a) Input spectra of Geosail and (b-g) simulation results for each burn severity scenario.
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Simulation results (figure 1, b- f) show that changes in FCOV have a higher effect as the burn
severity level decreases, since the contribution of green vegetation is also higher. The RMSE
computed between the cases with FCOV=0.1 (minimum) and FCOV=1 (maximum) (figure 1, g)
shows that:

v in high and moderate-high severity scenarios, FCOV does not cause
considerable changes in reflectance. Since LAl in vegetation strata are very low, it is
the substratum which mostly contributes to the total reflectance.

v' in the moderate severity scenario, FCOV affects principally the NIR and the
SWIR, where changes in reflectance are in the range of 6% to 11%. The presence of
green leaves on the top of the tree crowns modifies the total plot spectral response as
FCOV increases.

v"in moderate and low burn severity scenarios, relatively small variations in
FCOV have significant effects on NIR and SWIR reflectances (changes from 5% to 28%).
Therefore, NBR is unlikely to produce accurate results unless the FCOV is taken into
account. In these cases, the effect of FCOV is most evident, due to the higher LAI of the

vegetation strata and the different substratum types.

2.3. New field index definition

Taking into account the simulation analysis results and field experience, a series of
modifications in the original CBI are proposed to improve its performance in satellite imagery
analysis, maintaining a similar ecological meaning. The original version of the CBI estimates the
percentage of change with respect to the pre-fire scenario, but does not include information
about its spatial extent. Therefore, two new variables per stratum were added to the original
field form (in grey boxes in the figure 2):

1. the percentage of changes in the LAI;
2. the fraction of coverage (FCOV) of the vegetation, respect to the total plot.

In accordance with the original CBI variables, the percentage of changes in LAl was scored
from 0 to 3 and was estimated for strata C, D and E (table 1). However, FCOV was scored from
0 to 1 for strata B, C, D and E (table 1) since it was used as a weighting factor: strata with
higher FCOV have a greater weight in the computation of the CBI of the total plot.

Consequently, the new version of CBI proposed, called GeoCBI (which is short for

Geometrically structured Composite Burn Index), was computed as follows:
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3 (CBI, *FCOV,)
GeoCBI =™ m. (4)
> FCoVv,
m

where m is the identification of each stratum and n is the number of strata.

Finally, the amount of new sprouts was added to the original CBI variables (figure 2),
because it can modify significantly background reflectance. In short term assessment (under a
month), sprout sizes normally fall into stratum B (herbs, shrubs and trees less than 1 meter).

These changes in the field protocol are quite straightforward and should hardly increase the

time spent on field work.

BURN SEVERITY SCALE
STRATA Mo Effect Low Moderate High FACTOR
1] 0.5 1.0 1.5 | 20 25 30 SCORES
A SUBSTRATES
%DEAD LEAVES ON THE S0IL= SOHL DEPTH (cm)=
lLiteriight Fual Coreumed | Unchanged - 50% litter -- 100% litter  [=B0% light fuef 98% light fuel
Duff Unchanged -- light char = M - Consumed
IMedium fheavy Fusl | Unchangea —~ | 20% consumed| - |#0% consumed -- >t e,
50l & Rock CoverfColor|  Unchanged -- 10% ch -- | 40% change =z >80% change
AT = Ne= X=
B. HERBS, LOW SHRUBS AND TREES | ESS THAN 1 METER
DOMINANT VEGETATION TYPE = FCOV=
hFolape atered (blk-bm)|  Unchanged -- 30% = B0% 05% 100+ branch loss|
Fraquency % Living 100% rot o0% % 50% <20% 0%
New sprouts Abundant i miederate-high Tt raderate == |ov-mnne
AY= M= X=
C. TALL SHRUBS AND TREES 1 TO 5§ METERS
DOMINANT VEGETATION TYPE = FCOV=
B4Folape atered (bik- b [ -- 20% -- 60-00% >05% goirilicont
Frequency % Living 100°% = [ iy = 0% <15% <1%
LAl change % Unchanged -- 15% 2 0% 0% 100%
Cy= N= X=
D. INTERMEDIATE TREES 5 TO 20 METERS
DOMINANT VEGETATION TYPE = FCOW=
% Grean {unalterad) 100% -- B80% == A0% =10% nong
Sebllachi Brown T - 0% - 0-a0% 0% gt
Frequency 3 Living 100% -- o0 -- W% =15% <1%
LAl change % Unchanged = 15% i T o0 100%
Char Height nong .- 1,5m - 28m .- =5m
Dy= N= X=
E. BIG TREES =20 METERS
DOMINANT VEGETATION TYPE = FCOW=
% Green (Unalterad) 100% e 95% g S0% =10% none
%Black Brown 0% i 0% 7 80-00% >05% (Sgnificant
Frequency % Living 1007% L4 o0 4 i <15% 1%
LAl change % Unchanged = 15% =k To% i 100°%
Char Height none i 1,6m i 4m -- =7 m
E.x= N= X=

Figure 2. The new version of the field form proposed for estimating burn severity as GeoCBIl. New
variables are in grey boxes.
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2.4. Validation method

The performance of both indices was tested comparing (1) their burn severity estimation for
a Mediterranean area and (2) their values with the spectral signature of the field plots.

The validation area, which is located in central Spain (40-412 N and 1-22 W, figure 3), was
affected by a large forest fire on July 16™ 2005 (De Santis and Chuvieco, 2007). After four days,
the fire had burnt a total of 13,000 ha which were mainly composed by pine trees (Pinus
pinaster) mixed with semi-deciduous oaks (Quercus pyrenaica and Quercus faginea).

Burn severity was assessed in the field three weeks after the fire, in terms of both CBI and
GeoCBI. A total of 104 field plots (figure 3) were selected within areas with homogeneous burn
severity levels and gentle slopes, as recommended by Key and Benson (2005). In each field plot
the new field form was filled in, digital photographs were taken and its centre coordinates
were recorded using a GARMIN 12 GPS (5-10 m of errorin x and y).

Spectral signatures corresponding to the field plots were extracted from a post-fire Landsat
5 Thematic Mapper (TM) (acquired on August 5%, 2005; figure 3). Radiometric, geometric and

illumination corrections were applied as in De Santis and Chuvieco (2007).

Figure 3. Study area location and field plots distribution (Landsat 5 TM image: R= band 7, G= band 4, B=
band 1, Projection UTM 30 T datum European 1950 mean).
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3. Results

3.1 Performance of GeoCBI versus CBI

Figure 4 shows a comparison between both CBl and GeoCBI field values. The highest
differences between both indices are observed in intermediate-low severity values (~1.5 to
~2.6). In this range, CBI values generally tend to be lower than GeoCBI, especially when the
FCOV of the tree stratum is under 50%, as in plot C (figure 4). In this plot (see also case C,
figure 5) the understory is highly affected, whereas the tree stratum still maintains green
canopies despite its very low (10%) FCOV.

Exceptionally, in two of the plots CBI values are higher than GeoCBI (cases A and B, figure 4).

In these two plots, which are shown in figure 5 (cases A and B), the understory has a very high

burn severity whereas its FCOV is very low (5-15%).

INDEX VALUE
[uny
(%2}

1
=4 GeoCBI
0.5
1 —&—CBI
0
0 10 20 30 40 50 60 70 80 90 100

FIELD PLOTS

Figure 4. Comparison between CBI and GeoCBlI (field plots are ordered in terms of GeoCBI, from 0 to 3).

Figure 5. Field plots which have the higher overestimation (Case A and B) and underestimation (Case C)
of burn severity using the original CBI respect to GeoCBI.

78



4. Discussion

4.1 Improvement of the GeoCBlI respect to the original CBI

GeoCBI improves the general performance of the traditional CBI. In particular, GeoCBI
corrects over-estimation errors in cases where the plot is composed by a tree stratum with a
green canopy and a very low FCOV, under which both substratum and understory have a high
burn severity (figure 6 a).

By introducing the FCOV as a weighting factor, the spectral mixture of the different plot
components/variables are better represented, without adding a significant effort to the field
work. For post-fire management purposes, the correction the of burn severity overestimation
in the cases described, can help to maximize resources by skipping burnt areas that are less
critical.

However, the estimation of CBI values of the understory and substratum when the
overstory has a high FCOV value (figure 6 b and c) remains an open problem. In these cases,
the model moderately underestimates the burn severity level. This appears to be a limitation
for optical remote sensing techniques, since background reflectance can hardly penetrate
denser canopy covers. However, from the point of view of short-term post-fire management,
such cases normally do not require a rapid intervention, since they have mainly intermediate

to low values of GeoCBI.

Figure 6. Examples tree stratum compositions: a) overstory with green canopies, a low FCOV and a dark
charcoal substratum; b) overstory with green canopies, a high FCOV and a dark charcoal substratum; c)
overstory with green canopies, a high FCOV and an unburnt soil substratum.
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A correct definition of both vegetation structure and composition within the plot are critical,
especially in the case of intermediate values of burn severity. Table 6 shows two opposite
examples of such situation. In the first example, the first three field plots listed have the same
CBI value (P95, P86, P23) in spite of having very different structures, compositions and burn
severity, which is clearly seen in the photographs and in the spectral signatures extracted from
the Landsat TM image. In these cases, GeoCBI is more accurate than CBI, because the FCOV of
the tree stratum is the most relevant factor that modifies the spectral signature.

In contrast, the second example shows how the last three field plots listed in table 6 (P7,
P102, P21), have different CBI values despite having the same structure and quite similar
spectral signatures. CBI variations are influenced by the absence/presence of highly affected
shrubs that have a very low FCOV, whereas GeoCBI takes into account this factor and thus

correctly assigns the same value.
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Table 6. Comparisons between CBI, GeoCBI and spectral signatures of the same plots.
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5. Conclusions

Burn severity is a key factor in post-fire management in order to quantify and map fire
impacts and, consequently, to plan the mitigation and rehabilitation treatments in the burned
areas. Post-fire field assessment of burn severity is costly in terms of time and economic
resources and does not provide a good spatial coverage. However, this field work is a source of
ground truth which is important to understand the critical variables that determinate burn
severity and, subsequently, calibrate and validate remote sensing methods.

Although CBI is the most widely used field index, results have been inconsistent up to now
when correlated with remotely sensed data. This paper has shown that minor modifications
can significantly improve its performance. Therefore, a new version of this index, called
GeoCBlI, is proposed after (1) having assessed in the field the most relevant variables that
affect the spectral response of the burned area, and (2) having verified the effect of these
variables using a simulation analysis.

GeoCBI provides a better characterization of the field plots than the original CBI, and a
higher correlation with the spectral signatures extracted from Landsat TM data. In addition,
GeoCBI maintains the ecological meaning of CBI and the changes in the field protocol do not
increase the difficulty nor the time spent on field work.

Therefore, in future work, GeoCBI field estimation will be used to validate a simulation

model, for the short-term assessment of burn severity.
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Abstract

Accurate estimations of burn severity and its distribution in post fire scenarios are critical for short term
mitigation and rehabilitation treatments. The use of remote sensing techniques, coupled with radiative
transfer models (RTMs) can improve the accuracy, precision (in terms of number of classes) and cost-
effectiveness of burn severity estimation. In this paper, an improved simulation model that combines
PROSPECT and GeoSail, was tested in three Mediterranean forest fires. Results are presented in terms of
GeoCBlI, a new version of the CBI index, that takes into account two relevant parameters: leaf area index
(LAI) and the vegetation fraction of cover (FCOV). Model inversion results were accurate (RMSE between
0.18 and 0.21) and uniform in all three sites (107 field plots in total) throughout the full GeoCBI range (0-
3).

Keywords: Forest fires; Burn Severity; RTM inversion; PROSPECT; GeoSail; GeoCBI; Landsat TM; SPOT-
HRV; local Sensitivity Analysis.
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1. Introduction

Forest fires are a major cause of environmental disturbance in Mediterranean ecosystems,
producing principally vegetation biomass loss, soil degradation (Doerr et al., 2006), and
greenhouse gas emissions (Andreae and Merlet, 2001).

Post-fire management is normally focused on minimizing post-fire erosion effects
(mitigation) and shortening ecosystem recovery times (rehabilitation) (Miller and Yool, 2002).
In large forest fires, both post-fire mitigation and rehabilitation treatments can be costly and
cumbersome due to the extension of the area affected.

In addition, summertime forest fires are generally followed by autumn rains, which are
often torrential and cause erosion and soil degradation. Consequently, treatments must be
completed within weeks after the fire. In this context, it is critical to target the efforts on high
priority locations to reduce erosion risks in a cost effectively approach (Miller and Yool, 2002).

Both short- and long-term post-fire effects on vegetation and soil, as well as other
subsequent processes, can be estimated in terms of “burn severity” (Chuvieco et al., 2006; De
Santis and Chuvieco, 2007; Key and Benson, 2005; Lentile et al., 2006; van Wagtendonk et al.,
2004; White et al., 1996). Detailed knowledge of the level of damage and its distribution
throughout the burnt area (burn severity map) is a key factor to quantify the impact of fires on
landscapes (van Wagtendonk et al., 2004), to select and prioritize treatments applied on site
(Bobbe et al., 2001; Patterson and Yool, 1998), to plan and monitor restoration and recovery
activities and, finally, to provide baseline information for future monitoring (Brewer et al.,
2005).

Different methods of burn severity estimation have been applied using post-fire field
evaluation of soil and vegetation conditions (Moreno and Oechel, 1989; Pérez and Moreno,
1998). Since field surveys are costly and time consuming and do not provide a good spatial
coverage, remote sensing imagery has been proposed as a sound alternative.

For instance, Interagency Burned Area Emergency Rehabilitation (BAER) teams use a semi-
automatic estimation of burn severity from satellite images on a nationwide scale, applying
techniques developed by the Remote Sensing Applications Center - RSAC of the USDA Forest
Service. The field assessment method used by BAER is based on the widely used Composite
Burn Index (CBI) (Key and Benson, 2005), which takes continuous values ranging from 0
(unburned) to 3 (completely burned). However, in most studies dealing with burn severity
estimation from satellite imagery, damage levels are normally grouped into only four severity

classes: unburned, low, moderate and severe (Kokaly et al., 2007; Cocke et al., 2005; Epting et
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al., 2005; Hyde et al., 2007; Lentile et al., 2006; Miller and Thode, 2007; Patterson and Yool,
1998; van Wagtendonk et al., 2004; Wang, 2002). Moreover, Rogan and Franklin (2001),
having analyzed 71 different publications, observed that, as the number of burn severity
classes considered increases, the accuracy of burn severity estimation decreases from 80% (for
two classes: burned/not burned) to only 35% (for five classes).

To solve this limitation in accuracy and precision, recent studies (Chuvieco et al., 2006;
2007; De Santis and Chuvieco, 2007) have proposed the use of Radiative Transfer Models
(RTMs) to simulate the continuum interval of burn severity levels measured in CBI. RTMs
simulate spectral signatures from a set of input parameters from leaf and canopy
characteristics. In the forward simulation mode, RTMs are used to analyze the effects of such
plant parameters on spectral reflectance, whereas, in the inverse mode, spectra (from
remotely sensed data) are used as an input to estimate some of those plant parameters
(output).

The first of these studies (Chuvieco et al., 2006), used combinations of the main variables
which define burn severity as input data to simulate CBI values. In a second approach (De
Santis and Chuvieco, 2007), an inversion process was carried out, where the simulated spectra
were compared to the spectral signature of each pixel from a post-fire image. The most similar
simulated spectrum was selected, and its corresponding CBI value was assigned to that pixel.

RTMs used in both studies performed better than the traditional empirical fitting (De Santis
and Chuvieco, 2007) especially in the extreme values of burn severity. However, in the
intermediate range, burn severity was not correctly estimated, due to the high vertical
contrast between the understory, which was highly affected by the fire, and the less affected
overstory (Chuvieco et al.,, 2007; De Santis and Chuvieco, 2007). In these studies, the
simulation was carried out linking two models: PROSPECT (Jacquemoud, 1990), a widely used
leaf level model, and a canopy model developed by Kuusk (Kuusk, 2001), which considers each
vegetation stratum as a homogeneous layer composed of a turbid medium. These models are
simple to compute and fit well into the structure of the field index used. However the
assumption of a uniform turbid medium composition is not often the case in many forested
areas, composed of non homogeneous vegetation layers that are unevenly distributed. An
alternative to solve these problems is using geometric RTMs, which take into account the
canopy structure and the illuminated/shadowed elements in the plot

Therefore, the main objective of this paper is to test the performance of a geometric RTM in
order to improve the estimation of burn severity, based on inversion techniques and in the

context of a short-term post-fire management. The validation will be carried out in terms of
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GeoCBI (De Santis and Chuvieco, 2008), a new version of the original CBI field index, that is

better adapted to the use of remotely sensed data.

2. Data and Methods

2.1 Test sites

The main study area is located in central Spain (site 1, table 1). This area was affected by a
large forest fire on July 16™ 2005, which lasted four days and burned 13,000 ha of pine forest
(Pinus pinaster) mixed with semi-deciduous oaks (Quercus pyrenaica and Quercus faginea).

In order to verify the applicability of the methodology developed in this study, two
additional test sites were included.

The north-western region of Spain (Galicia) underwent a severe fire season in August 2006,
when a total of 103,728 ha were burned. A small cluster of these fires (site 2, table 1) was
selected for this study. Unlike the other two sites, in this area of Galicia forest landcovers are
highly fragmented and mixed. The main tree species is eucalyptus (Eucalyptus globulus)
followed by pine trees (Pinus pinaster) and oaks (Quercus robur) with a thick understory of
gorse (Ulex europeaus) shrubs.

Finally, the third area was located in north-eastern Portugal (site 3, table 1). In this case, the
forest fire started in July 9™ 2006 near Familacao da Serra and burned a total of 568 ha,
mainly composed of pine trees (Pinus pinaster) mixed with semi-deciduous oaks and

Mediterranean shrubs.
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Table 1. An overview of the test sites: description, field data and satellite imagery used.

TEST SITES LOCATION

[ porTUGAL

@ TEST SITES

SITE FIRE NAME FIRE DATE BURNT FIELD WORK SENSOR IMAGE DATE
# (province) (dd/mm/yyyy) | AREA (ha) DATE (dd/mm/yyyy)
# PLOTS
(dd/mm/yyyy)
Riba de From Landsat
1 Saelices 16/07/2005 12,892 18/08/2005 83 5TM 05/08/2005
(Guadalajara) to 28/09/2005
Serrapio SPOT5
2 (Pontevedra) 4/08/2006 3,360 06/10/2006 10 HRG 06/09/2006
Familagao
From 17 to Landsat
09/07/2006
3 ?guif;;? /07/ 568 19/08/2006 14 5TM 05/09/2006
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2.2 Field data

Depending on the weather conditions, burn severity was estimated in the field between one
and two months after the fire (table 1), in terms of the GeoCBI index (Geometrically structured
Composite Burn Index, De Santis and Chuvieco, 2008). This index is a modification of the
original CBI (Key and Benson, 2005), which has been adjusted to calibrate and validate remote
sensing methods. In accordance with Key and Benson (2005), average conditions of soil and
plant communities were visually examined in 30m-diameter field plots, and the vegetation was
considered to be composed of five strata, organized in a hierarchical structure (field

estimation, table 2).

Table 2. Hierarchical structure of the GeoCBI and its adaptation to the GeoSail simulation model.

FIELD ESTIMATION GeoSail SIMULATION

A: Substratum =) SUBSTRATUM

B: Herbs, low shrubs and
UNDERSTORY | trees < 1m I:;

GeoCBI of C: Tall shrubs and trees =
TOTAL PLOT 1to5m

UNDERSTORY

D: Intermediate trees =5
OVERSTORY | to20m I::) OVERSTORY
E: Large trees>20m

The main field variables assessed to estimate GeoCBIl were litter and fuel consumption,
changes in soil colour, foliage alteration, canopy mortality and char height. These attributes
are rated in numerical scores ranging from 0 (unburned) to 3 (completely burned). The
numerical rating derived for each attribute was obtained from a consensus of two field
observers.

Two new variables per stratum were added to the original CBI field form:

1. the percentage of changes in the Leaf Area Index (LAI= Leaf area/Canopy area);

2. the fraction of coverage (FCOV) of each vegetation stratum, with respect to the total
extension of the plot.

In agreement with the original variables of CBI, the percentage of changes in LAl was also
scaled from 0 to 3 and was estimated for strata C, D and E (table 2). However, FCOV was
quantified from 0 to 1 for strata B, C, D and E (table 2) since it is used as a weighting factor:

strata with higher FCOV have a greater weight in the computation of the CBI of the total plot.
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Consequently, the GeoCBI was computed as follows:

My

> (CBI, *FCOV,)
GeoCBI = ™ (1)

m,

> Fcov,
m

where m is the identification of each stratum and n is the number of strata.

Field plots were selected within areas with homogeneous burn severity levels and gentle
slopes, as recommended by Key and Benson (2005). In each field plot the new field form was
filled in, digital photographs were taken and its centre coordinates were recorded using a
GARMIN 12 GPS (5-10 m of error in x and y).

In site 1 (table 1), due to the rugged terrain conditions, all plot coordinates were later
checked using a post-fire aerial orthophoto with a 50 cm-pixel resolution (provided by TRAGSA
Group, Spain), as well as field notes and photographs. Out of the original 103 plots marked in
the field, 20 plots were discarded for having an offset above 20 m.

In the remaining sites, field sampling was reduced to 10 plots in the Serrapio fire (site 2,
table 1), and 14 plots in Familagao (site 3, table 1), given their relatively small size. Table 3

shows the plot distribution in the three areas.

2.3 Remotely sensed data

In consistency with the field plot size (30 m), a post-fire Landsat 5 Thematic Mapper (TM, 30
m pixel) image was selected for site 1 and 3, whereas for site 2 a SPOT 5 HRG (10 m pixel) was
provided by the Spanish National Geographic Institute (IGN) (tablel).

Image data sets were radiometric and geometrically corrected as indicated in table 3. In the
case of the TM image of site 1, an illumination correction was also carried out due to the

ruggedness of the terrain (table 3).
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Table 3. Field plot distribution (yellow dots) and image pre-processing description (DNs= digital
numbers; GCPs= Ground control points; b=band; UL= upper left; LR= lower right).

TYPE OF CORRECTION
SITE# RGB-IMAGE AND FIELD PLOTS LOCATION CS:SEEI:;_;:\;’:ID ILLUMI-
RADIOMETRIC GEOMETRIC NATION
uL: DNs to RADIANCE:
Chander and
555030.00
454254000 Markham Method Method
) (2003) proposed
LR: GPCs using a Landsat 7 by Civco
1 575070.00 ETM+ (CORINE Land (1989) using
4526490.00 Cover, 2000) ortho- a digital
RADIANCE to image as reference elevation
UTM, European REFLECTANCE: modz.el
1950 mean, Dark object Method (10m-pixel)
30N (Chavez, 1996)
UL: DNs to RADIANCE:
528820.70 Gain and bias
4711016.66 correction using
LR: metadata
547760.70 information.
[T TR I—
2 4799646.66 Corrected by IG
RADIANCE to
REFLECTANCE:
UTM, European Dark object Method
1950 mean, (Chavez, 1996)
29N
DNs to RADIANCE:
uL: Chander and
631462.01 Markham Method
4482033.79 (2003) GPCs using a Landsat 7
LR: ETM+ (24-06-2000)
ho-image as
640462.01 ort g
3 reference from Global |  ==eemee-
4473753.79 Land Cover Facility
RADIANCE to (http://glcfapp.umiacs.
UTM, European | pepi crance: edu)

1950 mean,
29N

Dark Object Method
(Chavez, 1996)
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2.4 Methodological workflow

Once all the field data was obtained and the post-fire images were processed, three

consecutive phases were carried out: simulation, classification and validation (figure 1).

R e R e B B e e e s e ——
E-SI MULATION PHASE 1} CLASSIFICATION PHASE i | VALIDATION PHASE
| .
1 H :
' i
i LEAF PARAMETERS: | 1 SPECTRAL :
: N,Ca+b, Cw, Cm, s : r LIBRARY FIELD
i E : DATA
i !
! L 4 i POST-FIRE :
! i IMAGE ]
i v
i LEAF LEVEL: GREEM LEAF and i ;
: PROSPECT MODEL BROWN LEAF SPECTRA :
)
i !
H it h 4
! i :
i I SPECTRALANGLE i .| wvaupamon
i } MAPPER o (RMSE)
H = SUBSTRATUM : CLASSIFICATION
E = CANOPYGEOMETRY | !
i ILLUMINATION ]
! PARAMETERS ]
]
1
: i _
i H E
i LUT with 30 | ; _L) =INPUT
i|  CANOPYLEVEL: ‘ SPECTRA, ] BUIRN SEVERITY MAP ]
I GeoSall MOIMEL corresponding to i : ‘
1 =
] GeoCBI=010 3 i s_—
i |
1 ]

e m s e e e e e e e e e e e RS RS SO R R B RS

Figure 1. Methodological workflow used in this study.

Burn severity simulation (simulation phase in the figure 1) was accomplished by scaling up
from leaf to canopy level, combining two RTMs: PROSPECT and GeoSail.

At leaf level, PROSPECT uses five biophysical leaf parameters (inputs) and the outputs are
spectra of leaf reflectance and transmittance. These spectra, together with a series of canopy
parameters (substratum type, geometry and illumination parameters), are used as inputs for
the canopy level model (GeoSail). The canopy model output is converted into a Look-up Table
(LUT) in which each reflectance spectrum corresponds to a given burn severity value. The LUT
is then turned into a spectral library using ENVI™ 4.3 (Research Systems, Inc., www.rsinc.com).
The post-fire image is then classified applying the Spectral Angle Mapper algorithm (Debba et
al., 2005; Kruse et al., 1993) in ENVI, which uses, as reference, the spectral library of simulated
spectra computed in the previous phase. The result of the classification phase is a Burn
Severity Map.

Finally, the validation is performed computing the Root Mean Square Error (RMSE) between

classified and observed (field plots) burn severity values (figure 1).
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2.5 RTM selection

The simulation of burn severity levels was focused on pine trees, the dominant tree species
of the main study area (site 1). To reproduce the combination of different factors that
compose the field burn severity index (GeoCBl), two widely used RTMs were linked: the
PROSPECT model (Jacquemoud, 1990) at leaf level and the GeoSail model (Huemmrich, 2001)

at canopy level.

PROSPECT simulates both leaf reflectance and transmittance in the optical domain using five
input parameters (in the version distributed by the Center for Spatial Technologies and
Remote Sensing - CSTARS): leaf structure parameter N, chlorophyll a+b content (Ca+b),
equivalent water thickness (Cw), dry matter content (Cm) and brown pigments content (Cs).
PROSPECT assumes the leaf is composed by a set of stacked layers with several absorption
components (Ca+b, Cs, Cw and Cm).

Although other RTM models are better adapted to simulate needle reflectance and
transmittance (e.g. LIBERTY developed by Dawson et al., 1998), they are not as operative as
PROSPECT since they require more input variables with more complex parameters. Moreover,
PROSPECT has been successfully used by several authors (Cheng et al., 2006; Kotz et al., 2004;

Kotz et al., 2003; Zarco-Tejada et al., 2004) to simulate the response of conifers.

At canopy level, the use of a geometric model is more appropriate than a turbid medium
model, due to the complex structure of Mediterranean forests and the importance of
estimating of both LAl and FCOV per stratum in the GeoCBI computation.

Out of the canopy RTMs reviewed, the GeoSail model was selected, because it provides a
more realistic description of canopy characteristics even if it is computationally simple
(Huemmrich, 2001). In fact, GeoSail combines a geometric model with the SAIL model
(Verhoef, 1984) that computes the reflectance and transmittance of the tree crowns. The
geometric model determines the fraction of the illuminated and shadowed scene components
as a function of canopy coverage, crown shape and illumination angle. The model assumes
trees are identical, do not overlap, and they are relatively small in size compared to the size of
the pixel (Huemmrich, 2001). This model was successfully used in coniferous forests (Kotz et
al., 2004, 2003; Hall et al., 1997). Moreover, the structure of the GeoSail, which can simulate

several vegetation strata, fits well into the structure of the GeoCBl index (table 2).
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2.6 Sensitivity Analysis

Since the performance of simulation models greatly depends on their assumptions and the
accuracy of input parameters (Liang, 2004), a simple sensitivity analysis (SA) was performed. In
simulation studies, SA helps understand the importance of each input parameter and,
consequently, the accuracy required to estimate these parameters.

The selected method was a local SA (Bicheron and Leroy, 1999; Bowyer and Danson, 2004),
which assesses the local impact of the input parameters on the model output. Each parameter
is perturbed (varied) in turn keeping all other model parameters fixed at their reference values
(base-case) (Asner et al., 2000). A “pseudo” merit function F’ is used as the measure of the
relative importance of each parameter for causing variations in reflectance (Bicheron and

Leroy, 1999):

F'=Zn:(p°j = Pren)”

i (2)
i=1 Po

where '00] and p'ie” are the reflectance values in band j for the base-case and the
perturbation respectively.

The local SA assesses the effects of the inputs of both RTMs (PROSPECT and GeoSail) on the
reflectance output of the GeoSail. Table 4 shows the base-case of an unburned pine tree and

the range of the perturbations, which simulates changes in the plant due to the fire.

Table 4. Parameters considered in the sensitivity analysis. (*) Specific leaf weight (SLW) = dry weight/leaf
area.

INPUT PARAMETERS UNIT BASE-CASE | RANGE OF PERTURBATIONS
Ca+b ug/cm’ 70 10-70
Cs %SLW* 0.2 0.2-5
< N - 2.5 1-4
= 2
cw g/cm 0.048 0.001-0.06
Cm g/cm’ 0.035 0.01-0.06
>| CROWN SHAPE - CONE CONE; CYLINDER
o
Z FCov - 0.7 0-1
(O]
LAI - 2 0.1-2.5
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Figure 2. Results of the local SA in three wavelength ranges.

The results of the function merit F’ (figure 2) show that the critical parameters are:

v' Ca+b, followed by the LAl and Cs, in the visible (VIS);

v" LAl and FCOV, in the near infrared (NIR);

v" Cw, LAl and FCOV, in the short wave infrared (SWIR).

Therefore, the parameters which require a more careful selection of values (for
parameterization purposes) are: water content (Cw) and chlorophyll (Ca+b), at leaf level, and
LAl and FCOV, at canopy level. In addition, parameterization is simplified by identifying less

relevant parameters.

2.7 Parameterization of the model at leaf level

In the GeoCBI field form the leaves were evaluated in terms of percentage of green and
brown leaves present on the canopy. Therefore, the PROSPECT model was used in forward
mode to simulate only one representative spectrum for each of these two reference leaf types
(green and brown). In the case of green needles, the input parameters were derived from

reference literature (table 5).
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Table 5. Input parameter values for the simulation at leaf level using the PROSPECT model.

GREEN NEEDLE

PARAMETERS BROWN
VALUES REFERENCES NEEDLE
N 55 (Kotz et al.,, 2004; Kotz et al., 2003; 55

Zarco-Tejada et al., 2004)
Ca+b (pg/cm’) 70 (Kotz et al., 2004; Kotz et al., 2003) 20
(Kotz et al.,, 2004; Kotz et al., 2003;

2
Cw (g/cm’) 0.048 Zarco-Tejada et al., 2004) 0.0008
Cm (g/cm?) 0.035 (Kbtz et al., 2004; Ktz et al., 2003) 0.035
Cs (%SLW) 0.2 (Lang, 2005) 15

For the brown needles (table 5), no parameter values were found in the literature, therefore
values were selected considering possible needle deterioration due to the fire. In this way:

v" Ca+b was reduced, while the Cs increased.

v" Cw was based on field samples of site 1.

v" Since the dry matter content was calculated as the ratio between the dry weight (g)
and the leaf area (cm?), the Cm was kept fixed, because no leaf area variations in scorched
needles were observed in the field (site 1) after the fire.

v" N was also kept constant because the SA (figure 2) shows that its influence on the
output reflectance of the canopy model is very low, and no values of N in scorched needles
were found in the literature.

Finally, these simulated spectra were used as inputs for the canopy model (figure 1).

2.8 Parameterization of the canopy simulation model

There are generally two ways to carry out a simulation: (1) to combine input parameters
freely obtaining all possible combinations, both realistic and unrealistic, and then try to filter
out the latter; (2) to use only supervised (i.e. realistic) combinations of inputs.

As observed by Chuvieco et al. (2007), better results in burn severity estimation were
obtained when a supervised simulation was performed because it reduces the noise
introduced by unrealistic combinations when random ranges of inputs are considered. In
short-time assessment of burn severity, field experience helped to select realistic
combinations of damage levels between the different vegetation strata, which depend on

vegetation type and both fire behaviour and intensity. For these reasons, only supervised
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combinations of inputs were used to perform the simulation at canopy level, where the
following assumptions were made (table 2):

1. The soil substratum (stratum A, table 2) of the GeoCBI was taken as the background
layer of GeoSail. To reproduce the conditions found a few weeks after the fire, three reference
spectra for the background layer were considered: soil, dark charcoal (DCH) and light charcoal
(LCH, a mixture of charcoal and ashes). The soil spectrum was measured from a medium-
moisture sandy soil, while both dark and light charcoal spectra were acquired from a recently
burnt shrubland area. For the lower burn severity levels (from 0.5 to 1.5), two linear
combinations of soil and dark charcoal were considered (table 4). All spectra were measured
using a GER 2600 field spectroradiometer (Geophysical & Environmental Research
Corporation, Millbrook, NY) calibrated against a Spectralon™ white reference.

2.  The first two vegetation strata of the GeoCBI (B and C, table 2) were merged and
simulated as the understory layer of the model. In this simulation scenario, for the areas with a
high burn severity (GeoCBI = 2.6 — 3), the understory was considered to be completely burnt.

3.  Finally, the two strata which correspond to the intermediate and large trees in the
GeoCBI (D and E, table 2), were simulated in GeoSail as one unified overstory layer.

All simulations were performed from 400 to 2400 nm, at 10 nm band sampling (201 spectral
bands). The number of the simulation cases was reduced by fixing the following variables:

v" Leaf angle distribution = spherical (according to Kétz et al., 2004).

v" Crown height to width ratio (Rv to Rh) = 2.36, derived from field measurements in the
test-area 1.

v" Sun zenith angle = 30°, from the Landsat 5 TM post-fire image, site 1.

v' Crown shape = cone, as suggested by Kotz et al. (2003) for pine forest.

The GeoCBI simulation was carried out in intervals of 0.05, for GeoCBI values from 2.3 to 3,
because this is the most relevant range (moderate and high) of burn severity in the short-term
post-fire assessment. In the remaining cases (GeoCBI from 0 to 2.2), the step varied between
0.1and 0.5.

Table 6 shows an example of the combination of input parameters used for the simulation

of the main GeoCBl values at canopy level (GeoSail model).

100



Table 6. Example of the combination of input parameters used for the simulation of the main GeoCBI

values at canopy level (GeoSail model).

CASE INPUT PARAMETERS
of both
= Tvpe | A | type | WA | strata
Area affected by a high intensity
fire. Combustion of the organic
matter in the soil and all the
3 No 0 Brown 005 04 DCH, | vegetation strata. Presence of very
needles needle ' ' LCH few brown leaves on tree canopies.
The substratum can be charcoal or
ash depending on the burn
efficiency.
Rapid fire with low flame height.
Brown Green Total consumption of the organic
25 1.8 0.4 0.7 DCH matter in the soil. Understory with
needle needle .
scorched leaves, overstory with low
LAl and green canopies.
2 Brown 11 Green 1 0.75 DCH same as above except medium LAl
needle needle in overstory.
Rapid fire with low flame height.
Brown Green Total consumption of the organic
15 0.8 11 0.8 DCH matter on the soil. Higher
needle needle
percentage of green leaves on the
canopies than brown leaves.
Rapid fire with low flame height.
50% Soil Moder_ate consumption of_ the
Brown Green organic matter on the soil. Higher
1 0.8 1.2 0.8 50%
needle needle percentage of green leaves on the
DCH . h
canopies than brown leaves. High
FCOV of the vegetation.
Rapid fire with very low flame
Brown Green 80% Soil | height. Low consumption of the
0.5 needle 0.3 needle 12 0.8 20% organic matter on the soil. Only
DCH indirect effects of the fire. Leaves in
canopies are predominantly green.
0 Green 1.8 Green 25 0.8 Soil Unburned areas.
needle needle

2.9 Model inversion strategy

The set of spectra obtained from the canopy level simulation, were matched with a look up

table (LUT), where each GeoCBI value corresponds to a reflectance spectrum (figure 1). The

LUT was turned into a spectral library (using ENVI 4.3) and convolved to Landsat 5 TM and

SPOT 5 HRG bands. This spectral library was used as reference spectra (endmembers) to

perform a Spectral Angle Mapper (SAM) supervised classification (figure 1). SAM is a pixel-

based supervised classification technique that measures the similarity between spectra, in this
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case between each pixel in the TM or SPOT images, and the simulated spectra included in the
LUT. The similarity is computed from the spectral angle (in radians), when each spectrum is
considered as an m-dimensional feature vector, with m being the number of spectral channels
(Debba et al., 2005; Kruse et al., 1993). This angle is independent of the length of vector
(Bakker & Schmidt, 2002), so it is insensitive to differences in illumination or albedo.

The result of this classification was a burn severity map, in which GeoCBI values were
assigned to each pixel of the post-fire image.

The accuracy of the burn severity estimation was quantified in terms of the Root Mean
Square Error (RMSE) between simulated GeoCBI (extracted from the burn severity maps) and

that observed in the field.

3. Results

3.1 Simulation model results
The reference spectra used as input in the canopy level simulation are shown in figure 3.
They consist of the two needle spectra (green and brown) obtained from the PROSPECT model

and the different substratum types considered in this scenario.

0.7 - SoIL
—— D_CHARCOAL
06 - ——— L_CHARCOAL
—— GREEN NEEDLE
——— BROWN NEEDLE
0.5 -
w
z 04 -
=2
O
w
@ 0.3
w
-4
0.2 -
0.1 -
O T T T T T T T T T 1

400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
WAVELENGTH (nm)

Figure 3. Reference spectra used as input for the simulation at canopy level.
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The GeoSail simulation produced a total of 30 supervised spectra that corresponded to
GeoCBI values from 0 to 3. Average spectra obtained for several ranges of GeoCBI are
presented in figure 4. Simulation results showed the expected trends in reflectance for
different values of burn severity (Chuvieco et al., 1999; 2006; Key and Benson, 2005; Pereira et
al., 1999; Trigg and Flasse, 2000).

0.3 - GeoCBI <1
Geo(CBI =1-1.5
0.25 - GeoCBI =1.5-2
~——— GeoCBl =2-2.5
0.2 -
w GeoCBI >2.5
Z
5 015 -
]
[Ny
w
[+'4
0.1 -
0.05 - N
0 T T T T T T T T T 1

400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
WAVELENGTH (nm)

Figure 4. Average simulated reflectances, corresponding to the main intervals of GeoCBI.

Therefore, taking into account the main factors explained in table 7, the differences in the
spectra per GeoCBI ranges (figure 4) depend on:

v' variations in ground (substratum) visibility, which is directly proportional to the
masking of the FCOV of the understory and overstory;

v' variations in substratum (from “bright” soil to “dark” charcoal);

v needle type (from green to brown) and density (LAl) per stratum (understory or
overstory).

To test the similarity between simulated and real data, Pearson correlation analyses were
performed as follows: (1) simulated GeoCBI was correlated against simulated reflectances of
the LUT and (2) field GeoCBI was correlated against Landsat TM reflectance corresponding to
all the field plots in site 1 (figure 5). A strong negative correlation was observed in the 700-

1300 nm range (r= -0.9) and, to a lower degree, in the green region (500-600nm) of the VIS
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(r=-0.7). According to the previous local SA, NIR-SWIR reflectance strongly depends on LAl and
FCOV. Therefore, this result confirms that LAl and FCOV are the two most relevant factors in
burn severity estimation. Instead, the green region is related, on the one hand, to both leaf
damage and LAl and, on the other hand, to changes in the substrate from soil to char, as the
severity level increases. In this region the correlation for observed data is not statistically
significant due to the small number of field plots with moderate-low burn severity (i.e. plots
where the presence of green canopies and soil is greater).

Figure 5 shows that the general trend of both correlations (simulated and observed data in
site 1) is quite similar. Sites 2 and 3 also have similar correlation patterns, which suggest that

the simulation model parameterization fits the field scenarios.

0.5 4
0.4 -

03 -
02 - P~
01 - /'/

0 -
01 |
-0.2
03 N A e
04
-0.5
06
0.7
0.8
-0.9

400 600 800 1000 1200 1400 1600 1800 2000 2200 2400
WAVELENGTH (nm)

Pearsonr

=—SIMULATED DATA

OBSERVED DATA TM

Figure 5. Pearson r coefficients for (1) simulated GeoCBI correlated against simulated reflectances of the
LUT (black line) and (2) field GeoCBI correlated against Landsat TM reflectance corresponding to all the
field plots of the test site 1(grey line). Dashed lines indicate the threshold of significance (p<0.01).

3.2 Burn severity estimation

Burn severity maps for each of the sites were produced using the SAM classification with
simulated spectra (figure 6). Although GeoCBl is a continuous index, a non linear colour scale
was used to emphasize differences from medium to high severity values, which are the most

critical in the short-term assessment.
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The map of site 1 (figure 6) shows three high severity areas separated by two NE-SW
diagonal belts with lower GeoCBI values. The orthophoto (50cm resolution) in figure 7 shows
two examples in these belts that confirm the presence of areas of medium-low burn severity
(minor fire effects on tree crowns), surrounded by areas with a high burn severity. These
intermediate levels are, therefore, correctly represented in the burn severity map.

Fires had a single ignition point both in site 1 (a barbecue) and 3. Instead, the map of site 2
shows an array of discontinuous burned areas, which is a typical fire occurrence pattern in
Galicia, due to simultaneous ignition points. In site 2 the highest burn severity values are
generally clustered in areas which were densely forested with pine and eucalyptus species.
Moderate to high severity values are mainly located in areas with a lower FCOV of tree stratum
and a thick gorse understory.

In the western part of the fire in site 3, burn severity values quickly shift from very high to
very low, due to the efficiency in fire extinction tasks carried out by the fire-fighters, who had

the advantage of dealing with a relatively small (i.e. more manageable) fire-front.
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SITE # BURN SEVERITY MAPS
1
2
BURN SEVERITY

GeoCBI=2.9-3.0
GeoCBI=2.7-2.9

3 GeoCBI=2.5-2.7
GeoCBI=2.0-2.5
GeoCBI=1.0-2.0
GeoCBI=0.0-1.0

3 Km

Figure 6. Burn severity maps obtained from the inversion of the simulation model.
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TESTSITE1

Figure 7. Post-fire orthophoto (true colour) of site 1.

3.3 Validation

The validation phase shows that the performance of the simulation model is similar in all
test areas, and is almost equally accurate in all GeoCBI range values.

Details for each of the sites are as follows:

v' Site 1: the correlation coefficient between observed and simulated GeoCBI values
(table 7) was moderate-low (r’=0.43), due to the short range of severity values found in this
forest fire. However, the relationship is very close to a 1:1 linear fitting (slope ~1 and constant
~0) and the RMSE between simulated and observed GeoCBl values was also very low
(RMSE=0.19) for all 83 plots. A comparison of observed and simulated values of GeoCBlI (table
7) showed high estimation accuracies.

v Site 2: the correlation improves (r’=0.69, table 7) and, more importantly, the RMSE is
almost the same as in site 1 (RMSE= 0.18). Observed versus simulated burn severity are also
closely matched, with only a slight overestimation in the first plot.

v Site 3: unlike the other two sites, the correlation coefficient was very high (r’=0.96,
table 7), due to the wide range of GeoCBI values. Again, the RMSE is very similar to sites 1 and

2 (RMSE=0.21), and so is the linear fitting, which is also near 1:1.
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Table 7. Observed versus simulated GeoCBI values. All plots are ordered by their observed GeoCBI
values from 0 to 3.
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4. Discussion

4.1 Description of the plots with the highest estimation error

In site 1, the performance of the simulation model was uniform in all the ranges of burn
severity observed, except for four plots (A, B, Cand D in table 7, and table 8).

These four plots have two common features: (1) a high FCOV (FCOV > 60%, table 8) of the
tree stratum (overstory); and (2) the burn severity of their overstory was lower than the burn
severity of both their soil and understory. Therefore, the overstory partly masks the more
severely affected understory, causing an underestimation of the GeoCBI of the total plot. This
mask effect is an intrinsic limitation in optical remote sensing concerning vegetation studies.
However, shortly after the fire, areas with green and thick canopies are less critical in terms of
requiring rapid mitigation and rehabilitation treatments. Therefore, the slight underestimation
in these plots was not a significant limitation of this estimation method, because these cases

were infrequent and are less relevant from a forest management perspective.
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Table 8. Description of the plots where burn severity was underestimated.

GeoCBI of TOTAL PLOT
FIELD PLOT DESCRIPTION OBSERVED SIMULATED
PLOTA
A -
Tree strata: FCOV=
90% and CBI=1.2 2.45 2
Tree strata: FCOV=
70% and CBI=1.95 2.6 2.2
Tree strata: FCOV=
90% and CBI=2.2 2.6 p
Tree strata: FCOV=
60% and CBI=2.4.
Abundant dead 2.75 1.5
needles litter.

5. Conclusions

In a post-fire scenario, a rapid and detailed knowledge of the level of damage and its
distribution throughout the burnt area (burn severity map) is a key factor to quantify the
impact of fires on landscapes and to plan efficiently both mitigation and rehabilitation
treatments. In many cases, these treatments must be completed within weeks after the fire, to

decrease severe erosion and soil degradation.
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Since field estimation is time consuming and often spatially inaccurate, different remote
sensing techniques have been proposed to estimate burn severity. Although burn severity is
considered as a continuum (from unburned to completely burned), traditional techniques
group the results in only three or four classes.

Compared to the traditional empirical fittings, previous studies showed that the use of RTMs
improves the accuracy of burn severity estimation throughout the full range of severity (De
Santis and Chuvieco, 2007). In this study, an improved simulation model was presented and its
performance was tested in three different areas, in terms of GeoCBI (a new version of the CBI
index).

The inversion of the new simulation model, which combines PROSPECT (at leaf level) and
GeoSail (at canopy level), has improved significantly the accuracy in burn severity estimation.
In addition, results were uniform in all GeoCBI ranges and in all test sites (RMSE between 0.18
and 0.21), despite their slightly different bioclimatic environments (Atlantic to inland
Mediterranean). In the largest site (#1), only four plots out of 83 were underestimated, due to
the presence of low affected canopies with a high FCOV that masks the signal of the highly
affected understory. This is known limitation in optical remote sensing of vegetation studies.

The simulation model has been tested in Mediterranean areas and in fires that have mainly
medium-high burn severity levels. Future studies will attempt to validate results in other

ecosystems, trying to cover more homogeneously all the ranges of GeoCBI.
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Resumen

La severidad del fuego es un elemento clave para la estimacién de los efectos a medio y largo plazo de
los incendios forestales y consecuentemente para la prevision de la evolucion ecoldgica de las areas
gquemadas. Generalmente la severidad se evalla en campo (a corto o medio plazo) o mediante ajustes
empiricos a partir de imagenes de satélite, apoyados en parcelas de campo tomadas justo después del
incendio. Pero, debido la escasa representatividad espacial del primer método y a la dificil
generalizacion del segundo, se ha propuesto como alternativa el empleo de modelos de simulacién
(RTM). Los RTM estiman la reflectividad a partir de asunciones fisicas y resultan ser mas precisos que los
métodos empiricos tradicionales. En este estudio la severidad se ha estimado a partir de dos modelos de
simulacion PROSPECT y GeoSail. El modelo desarrollado se ha aplicado a imagenes de cinco distintos
sensores espaciales (SPOT HRV, Landsat TM, AWIFS, MERIS y MODIS), sobre la misma area de estudio (el
incendio de Riba de Saelices, 2005), con el fin de comparar su precisidn en la estimacién de la severidad.
La validacion se ha realizado comparando los valores de severidad simulados para cada sensor, con los
estimados en campo en 81 parcelas. Los resultados obtenidos muestran que el sensor Landsat TM es el
que presenta el menor error en la estimacion (RMSE=0.2) y su precision es homogénea en todo el rango
de GeoCBl analizado.

Palabras clave: Severidad del fuego, Modelos de simulacidn RTM, Teledeteccion, CBI, GeoCBI,
PROSPECT, GeoSail.
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Abstract

Burn severity is a key factor in both short and long term fire effects assessment and consequently in the
estimation of the ecological evolution of the burnt areas. Traditionally, burn severity is estimated using
field work or empirical fitting from remotely sensed data, based on field plots. However, due to the low
spatial coverage of the first method and to the site- and data- specificity of the second one, alternative
approaches have been proposed based on radiative transfer models (RTM). The RTM estimate
reflectance using physical based assumptions and are more accurate than the empirical methods. In this
study, burn severity was estimated using two RTM (PROSPECT and GeoSail). The developed model was
applied to images of five different sensors (SPOT HRG, Landsat TM, AWIFS, MERIS y MODIS), and in the
same study area (forest fire of Riba de Saelices, 2005), to compare their accuracy in the burn severity
estimation. Validation was performed comparing simulated severity values for each sensor and burn
severity values observed in 81 field plots. The results show that the Landsat TM has the lower error in
the estimation (RMSE=0.2) and its accuracy is homogeneous in all range of GeoCBI analyzed.

Keywords: Burn severity, simulation models RMT, remote sensing, CBI, GeoCBI, PROSPECT, GeoSail.

1. Introduccion

Los efectos de los incendios forestales sobre la cubierta vegetal y su impacto en la erosién
del suelo son muy dependientes del nivel de severidad del fuego. Este concepto identifica los
dafios causados al ecosistema, principalmente en términos de biomasa quemada (materia seca
en el suelo, hojas y troncos de especies a diferentes alturas). El andlisis de los niveles de
severidad del fuego resulta asi un elemento clave para prever la evolucién ecoldgica de las
areas afectadas, y los efectos a medio y largo plazo que el incendio supone sobre el
ecosistema.

La severidad de un incendio esta directamente relacionada con la intensidad y el tiempo de
residencia del fuego. En incendios muy intensos, con una elevada liberacidn de energia en el
frente de llamas, o en aquellos que se propagan lentamente y cuentan con periodos largos de
guema, se destruyen buena parte de los elementos vitales de las plantas y de la materia
organica del suelo, lo que supone una pérdida de proteccién del suelo y una regeneracion
posterior mas lenta. Las estrategias de reproduccién de las plantas son también claves en la
evolucion posterior al fuego: las germinadoras requieren disponer de un banco de semillas en
buen estado y de condiciones meteoroldgicas favorables, mientras que las rebrotadoras estan
mejor adaptadas a fuegos periddicos, ya que pueden emitir nuevos brotes a partir de distintas
partes de la planta justo después del incendio (Generalitat, 1988; Moreno y Oechel, 1991;
Navarro et al., 1996; Calvo et al., 2003; Diaz-Delgado et al., 2003).

Habitualmente, la severidad del fuego se evalia segun el grado de carbonizacién de los
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diferentes estratos vegetales, y la proporcidn carbén/ceniza en la capa mas superficial del
suelo. Existen varios métodos de estimacion disponibles en la literatura, principalmente
apoyados en trabajo de campo (Moreno y Oechel, 1989; Pérez y Moreno, 1998; Key y Benson,
2005). El inventario de campo puede realizarse poco después del fuego (evaluacion
inmediata), o varios meses después (evaluacidon a medio plazo). La primera opcidn es util para
la gestion inmediata del drea quemada, mientras que la segunda es mds recomendable en
diversos ecosistemas, al ofrecer un balance mas riguroso de los dafios reales del fuego y la
regeneracion potencial (Key y Benson, 2005). Ademas, en la evaluacién inmediata pueden
detectarse como persistentes, especies que pocos meses mas tarde acaban muriendo a
consecuencia de tener partes vitales seriamente dafadas.

La dificultad para abarcar un amplio territorio a partir de observaciones de campo, ha
llevado a diversos autores a plantearse el empleo de imagenes de satélite en la cartografia de
niveles de severidad, de cara a garantizar una cobertura actualizada y completa del territorio
afectado (Diaz-Delgado et al., 2003; van Wagtendonk et al., 2004; Cocke et al., 2005; Parra y
Chuvieco, 2005). El principal reto en el empleo de la teledeteccién en los estudios de severidad
del fuego es demostrar que los niveles de dafio estan asociados a la variacion espectral que
pueda recoger el sensor. Esto supone explorar la discriminabilidad tedrica entre distintos
niveles de severidad, por ejemplo usando modelos de transferencia radiativa (Chuvieco et al.,
2006). Una vez que se demuestra la sensibilidad tedrica de las distintas bandas de
reflectividad, habria que constatar si disponemos de sensores con el suficiente nivel de detalle
(resolucion espacial y espectral) para evaluar la severidad de una manera mas o menos
automatica.

La mayor parte de los estudios de teledeteccion y severidad del fuego actualmente
disponibles estan basados en ajustes empiricos, apoyados en parcelas de campo tomadas poco
después del incendio (Cocke et al., 2005; Epting et al., 2005; Miller y Yool, 2002; van
Wagtendonk et al., 2004). Los modelos empiricos son relativamente sencillos de calcular, pero
tienen poca capacidad de generalizacion. La alternativa es emplear modelos de simulacién
(RTM, De Santis y Chuvieco, 2007), que intentan estimar la reflectividad procedente de una
determinada cubierta a partir una serie de asunciones fisicas. Variando las condiciones de
entrada del modelo, puede simularse la reflectividad de un dosel, lo que ayuda a entender
mejor la accion de esos factores (caracteristicas bioquimicas de la hoja, cantidad, distribucién
geométrica, etc.), cuando se usan en modo directo; o a estimar los mismos factores de
entrada, habitualmente manteniendo algunos constantes o extrayéndolos de otras fuentes,
cuando se usan en modo inverso (Jacquemoud et al., 2000). Hasta el momento, los modelos

RTM no se han aplicado extensamente al analisis de dreas quemadas, orientdndose los pocos
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trabajos publicados a la determinaciéon de quemado/no quemado (Roy et al. , 2002; Pereira et
al., 2004). Chuvieco et al. (2006) plantearon el uso de modelos de simulacién en modo directo
para la cartografia de niveles de severidad, mediante un enlace entre dos modelos, de hoja
(PROSPECT) y de dosel (Kuusk), empleados para simular diversos escenarios de dafio y
sefialando las potencialidades de los RTM. Posteriormente, De Santis y Chuvieco (2007)
emplearon ese mismo modelo de simulacién en modo inverso para estimar la severidad y
comprobaron que los RTM resultaban mas precisos que los métodos empiricos tradicionales,
sobre todos en los valores extremos de severidad. Mas recientemente, Chuvieco et al. (2007)
extendieron la simulacion a diversas condiciones de entrada. El escenario simulado
seleccionando las combinaciones de pardametros de entrada, de acuerdo con la experiencia de
campo, proporciond los mejores resultados, aunque todavia se registraron importantes
errores de subestimacion. Finalmente, De Santis et al. (2008) mejoraron la estimacion de la
severidad a corto plazo utilizando el modelo PROSPECT para simular dos tipos de hoja (verde y
guemada) y un modelo geométrico a nivel de dosel (GeoSail, Huemmrich, 2001). En este
estudio obtuvieron un ajuste homogéneo en todo el rango de severidad analizado en tres
areas de estudio distintas, situadas en Espafia y Portugal.

Ya que se ha identificado una técnica eficaz para cartografiar la severidad, ahora nos
planteamos el problema de identificar que sensor espacial, entre los mas comunmente
utilizado, es el mds adecuado para este tipo de estudio. Con gran diferencia, las imagenes
Landsat (TM o ETM+) han sido las mas frecuentemente utilizadas en este contexto (White et
al., 1996; Kushla y Ripple, 1998; Patterson e Yool , 1998; Key y Benson, 1999; Rogan e Yool,
2001; Miller e Yool, 2002; Bobbe et al., 2003; van Wagtendonk et al., 2004; Brewer et al.,
2005; Bigler et al., 2005; Cocke et al., 2005; Epting et al., 2005; Finney et al., 2005; Sorbel y
Allen, 2005; Hyde et al., 2007; Kokaly et al., 2007 ; Miller y Thode, 2007; Robichard et al., 2007;
De Santis y Chuvieco, 2007; Chuvieco et al., 2007), pero también existen otros estudios que
emplean otros sensores como SPOT, MERIS y MODIS (Isaev et al., 2002; Chaefer et al., 2004;
Hudak et al., 2004; Alleaume et al., 2005; Chuvieco et al., 2007; Roldan-Zamarrin et al., 2006).
Finalmente, la teledeteccién hiperespectral resulta particularmente adecuada para estas
aplicaciones (van Wagtendonk et al., 2004; Parra y Chuvieco, 2005).

Tratdandose de una estimacion que requiere una sola imagen post-incendio, el tiempo de
revisita de los sensores no constituye una limitacidn, por esto nos centraremos en la
comparacion de las caracteristicas espectrales y espaciales de cinco distintos sensores: SPOT 5
HRG, Landsat TM, AWIFS, MERIS y MODIS, utilizando la simulacién presentada en De Santis et
al. (2008) para la estimacion de la severidad a corto plazo. La validacion se llevara a cabo

utilizando como referencia las medidas de severidad realizadas en campo.
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2. Materiales y métodos

2.1 Area de estudio

El drea de estudio estd localizada en el NE de la provincia de Guadalajara (40-41° Ny 1-2°
W) (Figura 1). La topografia es rugosa con variaciones altitudinales entre 1100 y 1400 m. La
precipitacién promedio se situa entre 600-800 mm anuales, principalmente en Noviembre-
Diciembre. La temperatura promedio es de 7.5 a 15° C, seglin las zonas. La vegetacién
dominante estd formada por pinares de pino resinero (Pinus pinaster) con mezcla de
robledales mediterrdneos de quejigo (Quercus faginea) y rebollo (Quercus pyrenaica),
principalmente en la capa inferior del sustrato vegetal (< 5 m). El matorral estda dominado por
Cistus ladanifer, Cistus albidus, Rosmarinus officinalis, Juniperus oxycedrus, Rosa canina,
Cytisus scoparius, y Lavanda Pedunculata.

El drea fue afectada por un gran incendio en Julio de 2005, causado por una negligencia
humana. Las condiciones de extrema sequia, alta temperatura y fuerte viento contribuyeron al
crecimiento incontrolado del fuego, que durd 4 dias, quemando 13.000 ha. El incendio fue
tristemente célebre por la muerte de 11 bomberos forestales que trabajaban en la extincidn,

lo que causo un gran impacto en la opinion publica.

Figura 1. Localizacién del area de estudio sobre una imagen Landsat-TM. Los puntos amarillos identifican
las parcelas muestreadas en campo.
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2.2 Trabajo de campo

El andlisis de la severidad en campo se basd, en lineas generales, en el método CBI
(Composite Burned Index), desarrollado por el US Forest Service en el marco del proyecto

FIREMON (Fire Effects Monitoring and Inventory Project: http://fire.org/firemon/: Key vy

Benson, 2005). La ventaja de este método es que facilita una estimacion numérica de los
niveles de dafio, que se basa en variables facilmente obtenibles en campo. La escala propuesta
en el CBl va de 0 (sin dafio) a 3 (maximo dano), y se basa en considerar el impacto del fuego
sobre cinco estratos de vegetacién (substrato, herbaceo, matorral y arboles pequefios, arboles
intermedios y arboles grandes). Los tres primeros forman el sotobosque y sustrato, y los dos
ultimos el dosel.

Las variables que recoge el CBI hacen referencia al cambio causado por el fuego sobre la
estructura vegetal, por lo que se recomienda analizar previamente zonas no quemadas en los
alrededores para estimar las condiciones de partida. El CBI se calcula a partir de unas variables
parametrizadas que describen distintos rangos de dafio. Las mas importantes son el cambio en
el color del suelo, la presencia de materia orgdnica, la pérdida de hojas, el cambio en el color
de la hoja, la altura del carbdn en los troncos, y la mortalidad de la vegetacion (Key y Benson,
2005).

Para ajustar este indice de campo al andlisis de imagenes de satélite, se considerd necesario
introducir algunas modificaciones en el protocolo original (De Santis y Chuvieco, 2008). Dos
nuevas variables fueron afadidas por cada estrato vegetal:

1- el porcentajes de cambios en el area foliar (Leaf Area Index ,LAl= area foliar por
unidad de superficie de suelo; Ceccato et al., 2002a).

2- la cabida cubierta de la vegetacion (Fraction of Cover, FCOV= porcentaje de cabida
cubierta respecto al total de la parcela).

De manera similar al CBI original, al porcentaje de cambios en el LAl se le asignaron valores
entre 0 (no cambio, ausencia de dafio) y 3 (100% de cambio, dafio maximo). La FCOV, sin
embargo, se utilizé para ponderar el peso de cada estrato en el calculo del valor de severidad
de toda la parcela. De este modo, se obtiene una mejor caracterizacion de la estructura y de la
composicion de las parcelas quemadas. El nuevo indice propuesto GeoCBI (Geometrically

structured Composite Burn Index, De Santis y Chuvieco, 2008) tiene la siguiente formulacidn:
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My

> (CBI,*FCOV,)
GeoCBI = ™ (1)

S Fcov,

m

donde m representa el estrato considerado y n es el numero de estratos.

Tres semanas después del incendio, se muestrearon 103 parcelas distribuidas en todo el
area de estudio, siempre que las zonas resultaran razonablemente accesible. Cada parcela
tenia un didmetro aproximado de 30 m y pretendia situarse en dreas homogéneas desde el
punto de vista de la severidad. Las coordenadas de las parcelas se extrajeron de un navegador
GPS (GARMIN 12). El trabajo de campo se realizd entre agosto y septiembre de 2005, poco

después de ser extinguido el incendio. La figura 2 recoge un ejemplo de distintos niveles de

severidad observados en el campo.

Figura 2. Ejemplos de diferentes valores de GeoCBI: (a) alto (GeoCBI=3), (b) moderado (GeoCBI=2.14) y
(c) medio- bajo (GeoCBI= 1.5).

2.3 Imdgenes de satélite

Para este trabajo se emplearon imagenes de 5 distintos sensores. La tabla 1 muestra un

resumen de sus caracteristicas espectrales y espaciales.
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Tabla 1. Resumen de las caracteristicas espectrales y espaciales de los sensores utilizados en este estudio.

SENSOR SPOT 5 HRG | Landsat TM AWIFS MERIS MODIS
RESOLUCION
ESPACIAL (m) 10 30 60 300 500
RESOLUCION ESPECTRAL (nm)
B1 500-590 450-515 520-590 407,5- 620-670
417,5
B2 610-680 525-605 620-680 437-447 841-876
B3 780-890 630-690 770-860 485-495 459-479
B4 1580-1750 750-900 1550-1700 505-515 545-565
B5 1550-1750 555-565 1230-1250
B6 615-625 1628-1652
B7 2090-2350 660-670 2105-2155
B8 677,5-685
703,75-
BI 713,75
B10 750-757,5
771,25-
B12 786,25
B13 855-875
B14 880-890

La imagen SPOT 5 HRG1 se adquirié el 20 de Septiembre de 2005, y pertenece a la cubierta
nacional preparada para el Plan Nacional de Teledeteccidn (cortesia IGN). Lamentablemente,
la imagen no cubre toda la superficie del incendio, a consecuencia de la traza del satélite y la
cobertura de nubes, por lo que se seleccioné Unicamente el sector mas oriental. Para la
correccidon geométrica se utilizé como referencia con una ortofoto digital post-incendio (pixel
de 50 cm), proporcionada por TRAGSA. Se empled un modelo polinomial de primer grado
(error < 0.5 pixel). La calibracién radiométrica se basd en los coeficientes de cabecera de la
imagen y en el método del objeto oscuro propuesto por Chavez (1996). Tras estas
correcciones, se abordé una correccion de efecto de sombreado topografico, empleando un
modelo digital de elevaciones de alta precision (10 m) y el método de correccién lambertiano
propuesto por Civco (1989).

La imagen Landsat 5 Thematic Mapper (TM) (path 200, row 32) corresponde al 5 de Agosto
de 2005 (10 dias después de la extincidon del incendio). Los valores brutos (niveles digitales)
fueron convertidos a reflectividad (p) empleando los valores de calibracién propuestos por
Chander y Markham (2003) y el método de correccién atmosférica del objeto oscuro. La

correccion geométrica se basé en un conjunto de puntos de control, empleando como
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referencia la ortoimagen Landsat ETM+ utilizada en el proyecto CORINE 2000 (proyeccion UTM
30 T, datum Europeo Medio de 1950). Se usaron funciones polindmicas de primer grado. Los
residuales medios estan por debajo de 0.5 pixeles. Al igual que con la imagen SPOT, se aplico la
correccién de iluminacién de Civco.

La imagen AWIFS fue adquirida el 22 de agosto de 2005, y fue corregida geométrica y
radiométricamente siguiendo el mismo esquema de la imagen Landsat TM.

La imagen MERIS es del 12 de agosto de 2005, y se consiguio a través del servicio de distribucion
de datos de la Agencia Espacial Europea, en el marco del proyecto europeo Preview (wWww.preview-
risk.com ). Los datos fueron procesados por el UK-PAC (UK Multi-Mission Processing and archiving
Centre), y distribuidos en formato FR-2P. Este formato, con resolucion espacial de 300 m, se
compone de 12 de las 15 bandas originales de MERIS, como datos de reflectividad, y 8 bandas
adicionales de informacion (dos indices de vegetacidn, concentracion de algas, concentracion de
materia orgdnica e inorganica en suspension, albedo de las nubes, espesor dptico de las nubes y
concentracion de vapor de agua). La imagen entregada esta corregida atmosférica vy
radiométricamente, y se presenta en la proyeccion UTM y datum WGS 84, por lo que hubo que
reproyectarla a la proyeccion UTM 30 T, datum Europeo medio de 1950. Al observarse
sucesivamente un ligero desplazamiento respecto a las imagenes Landsat y SPOT, se realizd la
correccion geométrica tomando como referencia un mosaico de imagenes Landsat 7 del afio 2000
(fuente CORINE 2000). Se utilizaron funciones polindmicas de segundo grado, y se obtuvieron
residuales medios inferiores a 0,6 pixeles.

Finalmente se utilizé una imagen MODIS (a bordo de la plataforma TERRA) del 12 de agosto del
2005. Se trata de producto MOD 09 (MODIS Surface-Reflectance  Product,

http://modis.gsfc.nasa.gov/) que se calcula a partir del nivel 1B de MODIS, y corresponde a la

reflectividad estimada al suelo para cada banda sin absorcidn o dispersion de la atmdsfera. La imagen
ha sido reproyectada a UTM 30 T, datum Europeo medio de 1950.

En la tabla 2 se muestra un resumen de todas las correcciones aplicadas a las cinco imagenes.
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Tabla 2. Resumen de las correcciones aplicadas a las cinco imagenes.

TIPO DE CORRECCION
RADIOMETRICA GEOMETRICA TOPOGRAFICA

P l.
Método del objeto untos de contro Método de Civco

I de ref ia:
oscuro (Chavez, 1996) ngrte:foteorégr;:)c'a (1989)

Puntos de control.
Imagen de referencia:
Landsat 7 ETM+
(Corine Land Cover,
2000)

Puntos de control.
Imagen de referencia:
Landsat 7 ETM+
(Corine Land Cover,
2000)
UK-PAC
+
Puntos de control.
Imagen de referencia: | = -

Landsat 7 ETM+
(Corine Land Cover,
2000)

NASA +

MODIS NASA D
reproyeccion

SENSOR

SPOT

Método de Civco
(1989)

Método del objeto

LTI - (Chavez, 1996)

Método de Civco
(1989)

Método del objeto

AWIFS oscuro (Chavez, 1996)

UK-PAC (Agencia

MERIS Espacial Europea)

2.4 Modelos de simulacion

Entre los modelos de simulacidn de reflectividad de la vegetacién que se vienen utilizando
en los ultimos afios, los mas comunes se basan en la ecuacion de transferencia radiativa (RTM),
qgue permite simular fisicamente la reflectividad de una cubierta a partir de los factores que
influyen en la absorcidn y dispersion de la radiacion solar incidente.

Para este trabajo, la simulacién de los niveles de severidad se ha centrado en la especie
Pinus pinaster (especie dominante en la zona de estudio) y se ha llevado a cabo utilizando dos
modelos (como en De Santis et al., 2008): el PROSPECT (Jacquemoud, 1990) a nivel de hoja y el
GeoSail (Huemmrich, 2001) a nivel de dosel.

El modelo PROSPECT simula la reflectividad y la transmisividad de la hoja a partir de cinco
pardmetros de entrada (pardmetro estructural N, contenido de clorofila a+b, espesor
equivalente de agua, materia seca y contenido de pigmentos marrones) y se ha utilizado

ampliamente en teledeteccién. En este estudio se han simulado dos tipos de hojas, verde y
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seca, fijando los pardmetros de entrada en base a los valores de referencia encontrados en la
bibliografia para aciculas de pino (Kotz et al., 2004; Kotz et al., 2003; Zarco-Tejada et al., 2004;
Lang, 2005).

Sucesivamente, a nivel de dosel se ha empleado el modelo GeoSail, que permite simular
distintos estratos de vegetacidn, mds un sustrato y que considera condiciones de observacion
e iluminacién, parametros geométricos de la copa y el efecto de las sombras.

Puesto que resultaba muy complejo simular todas las variables medidas en campo, se
seleccionaron para la simulacién las siguientes:

v' Cambios de sustrato: se consideraron tres espectros de referencia
correspondientes a los tipos de sustrato mds comunes pocas semanas después del
incendio (suelo, carbdn y ceniza);

v" Cambios en el sotobosque: que corresponde a los dos primeros estratos de
vegetacion considerados en el GeoCBI (hasta 5 m de altura);

v" Cambios en el dosel: que corresponde a los Ultimos dos estratos de vegetacién del
GeoCBI (vegetacion arbdrea > 5m).

Todas las simulaciones se llevaron a cabo entre 400 y 2400 nm (con intervalos de 10 nm) y
los espectros a nivel de hoja generados con el PROSPECT fueron utilizados como parametros
de entrada para el GeoSail, juntos a las siguientes variables, que fueron fijadas para reducir el
numero de simulaciones:

v" Distribucién angular de las hojas (Leaf Angle Distribution, LAD)= esférica (Kétz et
al., 2004);

v’ Proporcidn entre alto y ancho de la copa = 2.36 (medido en campo en la zona de
estudio);

v" Angulo cenital solar = 30° (derivado de la imagen Landsat 5 TM);

v" Forma del dosel = cénica (Kétz et al., 2003).

Los espectros simulados con PROSPECT+GeoSail, cada uno correspondiente a un
determinado valor de GeoCBI, se utilizaron para formar una libreria espectral de referencia (De
Santis et al., 2008). Para extraer qué espectro incluido en esta libreria resultaba mas similar a
cada pixel de la imagen, utilizamos el clasificador angular (Spectral Angle Mapper, SAM),
disponible en ENVI. El algoritmo SAM minimiza el angulo espectral entre el espectro
observado (extraido de la imagen) y el simulado (de la libreria espectral) y es insensible a las

condiciones de iluminacién y efectos de albedo (Bakker y Schmidt, 2002).
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2.5 Validacion

En primer lugar, para identificar las bandas mas significativas a la hora de estimar la
severidad, se calculd, para cada sensor, la correlacion de Pearson entre las firmas espectrales
extraidas en correspondencia de las parcelas de campo y su correspondiente valor de
severidad observado.

Debido a que la imagen SPOT no cubre todo el incendio y para evitar el solape entre
parcelas en el caso de las imagenes con pixel de 300 y 500 m, se selecciond una sub-muestra
de 81 parcelas, de las 103 marcadas en campo.

Sucesivamente, el ajuste de las estimaciones fue cuantificado en términos de error
cuadratico medio (Root Mean Square Error, RMSE) entre GeoCBI simulado y observado en
campo, en la misma sub-muestra.

Es importante tener en cuenta que, debido a la alta intensidad del incendio de Guadalajara,
el rango de GeoCBI observado en campo estd comprendido entre 2.35 y 3, lo que dificulta

extrapolar las conclusiones de este estudio a zonas que presentan valores inferiores a estos.

3. Resultados

La figura 3 muestra la correlacién entre las bandas de los sensores y la severidad observada
en correspondencia de la sub-muestra de las parcelas de campo. Destaca la alta correlacion
negativa de las bandas correspondientes al infrarrojo cercano (IRC, tabla 1) (r >-0.45), siendo la
banda 4 de Landsat la que registra el valor mas alto (r = -0.65), seguida por la banda 3 de SPOT
(r =-0.57), las bandas de MERIS de 10 a 13 (r=-0.55) y finalmente la banda 3 de AWIFS (r = -
0.54). En el IRC la reflectividad depende especialmente de la cantidad de biomasa vegetal y de
su estado de vigor. Esto confirma que el LAl y la FCOV son los factores predominantes en la
determinacion de los niveles de severidad.

Por otro lado, la banda 7 de Landsat, correspondiente al infrarrojo de onda corta (SWIR 2,
tabla 1) muestra una alta correlacién positiva (r= 0.51), superior a la que se observa para la
banda 5 del mismo sensor y a las bandas 4 de SPOT y AWIFS centradas en el SWIR 1.

Esta capacidad del SWIR 2 deberia relacionarse con su sensibilidad para distinguir distintos

tipos de substratos y contenido de humedad.
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Figura 3. Correlacién entre las bandas de los sensores y la severidad de las parcelas observada en campo
(para mayor claridad, las bandas de MODIS han sido ordenadas segun las longitudes de onda
correspondientes).

3.1 Validacion

La figura 4 muestra los errores cuadraticos medios por cada sensor. Para analizar mejor la

precision de las estimaciones, el RMSE ha sido dividido en tres grupos, ademas de considerar

su valor total: GeoCBl entre 2.35y 2.5, 2.5-2.7, 2.7-3.
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Figura 4. Error cuadratico medio calculado para cada sensor y cada rango de GeoCBI analizado.

El

primer

intervalo considera valores severidad intermedios, que corresponden

normalmente a zonas con alta heterogeneidad en los efectos del fuego en los distintos

estratos de la vegetacidén. Para este rango, el error mas bajo se registra para Landsat TM
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(RMSE= 0.21, tabla 2). MERIS y MODIS muestran una precisién parecida (RMSE=0.39 y
RMSE=0.33, respectivamente) mientras que SPOT (RMSE= 0.77) y sobre todo AWIFS
(RMSE=1.51) presentan errores muy elevados y no aceptables, ya que corresponden a una
incertidumbre mayor que 25% del rango total del GeoCBI.

En el segundo intervalo, que corresponde a valores de severidad medio-altos (menor grado
de heterogeneidad en la distribucion del dafo en la parcela), SPOT presenta el menor error
(RMSE=0.12), seguido por MODIS y Landsat TM (RMSE=0.23 y RMSE=0.26, respectivamente).
MERIS muestra un error mas elevado respecto al intervalo anterior (RMSE=0.59), mientras que
AWIFS, aunque mejore ligeramente, sigue presentando un error no aceptable (RMSE=0.75).

En el ultimo intervalo, correspondientes a areas muy quemadas y por tanto mas
homogéneas, MERIS destaca por su error muy reducido (RMSE=0.08), seguido por MODIS,
SPOT y TM (RMSE entre 0.12 y 0.18) y, finalmente, también AWIFS presenta un error bajo
(RMSE=0.28).

Si consideramos el RMSE total, los errores son muy parecidos para SPOT, Landsat TM, MERIS
y MODIS (RMSE entre 0.16 y 0.23), mientras que AWIFS presenta el error mas alto (RMSE =
0.51).

En la tabla 3, se muestra también el ajuste lineal entre GeoCBI observado y simulado.

Tabla 3. Error cuadratico medio (RMSE) y ajuste lineal entre GeoCBI observado y simulado, calculados
para cada sensor.

Rangos de GeoCBI RMSE | Ajuste lineal entr Bl
SENSORES 2.35-2.5 : 2.5-2.7 2.7-3 TOT?\L j:;se;erv::o?/ sinenﬁ::s R?
SPOT 0.77 0.12 0.14 0.23 y =1.466x - 1.341 0.522
™ 0.21 0.26 0.18 0.20 y =0.981x - 0.020 0.426
AWIFS 1.51 0.75 0.28 0.51 y =2.25x - 3.639 0.368
MERIS 0.39 0.59 0.08 0.22 y =0.556x + 1.296 0.152
MODIS 0.33 0.23 0.12 0.16 y =0.229x + 2.209 0.117

Analizando las ecuaciones, solo Landsat TM muestra un ajuste muy cercano a la relacién 1:1
(pendiente =1 y constante = 0). SPOT y AWIFS presentan una subestimacién acusada para
GeoCBI<2.5, mientras que MERIS y MODIS sobrestiman en el mismo rango.

Finalmente, el r* disminuye a medida que aumenta la resolucién espacial del sensor (desde

0.522 para SPOT hasta 0.117 para MODIS).
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3.2 Cartografia de resultados

La figura 5 muestra los mapas de niveles de severidad resultantes de la inversién del

modelo de simulacidn, aplicada a todas las imagenes.

GeoCBI

. 2.9-3.0
2729
2527
i 2.0-25

1.0-2.0
.0-1.0

&

Figura 5. Mapas de severidad resultantes para cada sensor.

En todos los mapas se observa la presencia de dos franjas (orientadas NE-SO) menos
afectadas por el fuego, rodeadas por dreas que presentan valores de severidad muy altos. En
estas Ultimas, hay mayor acuerdo entre los sensores, aunque se observa una mayor
homogenizacién a medida de que aumenta el tamafio del pixel del sensor.

En las franjas diagonales, si tomamos como referencia el mapa del Landsat TM, mas preciso
a la hora de estimar los valore de GeoCBI<2.5, se confirma la tendencia a la sub-estimacion de

SPOT y AWIFS en contraposicion a la sobre-estimacion de MERIS y MODIS.
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4. Discusion de resultados

La correcta estimacion de la severidad se basa en la correcta caracterizaciéon espectral y
espacial del area quemada.

Desde el punto de vista espectral, Landsat TM y MODIS son los Unicos sensores que
presentan bandas en las dos regiones del espectro mds importantes para discriminar los
niveles de severidad: el IRC (750-1000 nm) y el SWIR2 (2000-2500 nm). El IRC es especialmente
sensible a los cambios en el LAI, en la FCOV y en el estado de vigor de la vegetacion, mientras
qgue el SWIR 2 es mas sensible al contenido de humedad y a las variaciones en el tipo de
substrato.

Como cabe esperar, la mejor resolucién espacial del Landsat TM (30 m frente a 500 m,
tablal) mejora ampliamente los resultados. En el caso de SPOT y AWIFS se nota claramente la
perdida de precisidn en la estimacion de valores de severidad entre 2.35 y 2.5 debido a la falta
de informacién en el SWIR2 y al escaso nimero de bandas. En el caso de MERIS, la falta de
datos en el SWIR se ve ligeramente compensada por una alta resolucion espectral (tabla 1) en
el visible-NIR.

Como se nota claramente en los mapas (figura 5), SPOT y AWIFS tienden a subestimar los
valores medios y bajo de GeoCBI, aunque conservan una buena descripcion de la variabilidad
espacial de la severidad. Por el contrario, dado que las zonas menos afectadas del incendio
estan localizadas en dos franjas relativamente estrechas y rodeadas por areas con severidad
maxima, los dos sensores de mas baja resolucién espacial (MERIS y MODIS) sobre-estiman los
valores de GeoCBI<2.5.

En conclusién, el mejor compromiso entre resolucién espectral y espacial para la estimacién
de la severidad resulta ser el sensor Landsat TM, que ademas asegura un comportamiento
homogéneo en todos los rangos de GeoCBI. El resto de sensores podria ser empleado en areas
muy afectadas por el fuego (mds homogéneas) y en las que se quiere distinguir la severidad en

rangos mas generales (severidad baja, media, alta).
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5. Conclusiones

En este trabajo se comparan estimaciones de niveles de severidad del fuego obtenidas con
cinco sensores sobre el mismo incendio. En todos los casos se ha seguido la misma
metodologia basada en la inversidn de un modelo de simulacion, ya que en trabajos anteriores
hemos demostrado que permite una discriminacion mejor respecto a los modelos empiricos
tradicionales.

Los resultados obtenidos sefialan el Landsat TM como el sensor mas adecuado, porque tiene
una resolucidn espacial idénea y bandas en los rangos del espectro mas significativos en este
tipo de estudios. Su precisién es homogénea en todo el rango de GeoCBI analizado y no
presenta tendencias marcadas a la sobre- o subestimacién. El resto de sensores presenta
niveles de precisidn desiguales, con mayores errores en correspondencia de los valores medios
y bajos de GeoCBI.

Debido a que los datos de campo cubren un rango de GeoCBI comprendido entre 2.35 vy 3,
los resultados obtenidos no se pueden extrapolar directamente a valores inferiores a estos.

De cara al futuro, la puesta en érbita de nuevos sensores hiperespectrales (como el EnMAP,
Kaufmann et al, 2006) permitira una mejor descripcion de la variabilidad espectral y espacial

del area quemada.
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LINEAS FUTURAS

La correcta estimacidon a corto plazo de los niveles de severidad de grandes incendios
forestales representa una herramienta muy util para ayudar a los gestores:

v a identificar las zonas prioritarias, que necesitan una intervencién rapida para
intentar reducir la erosion del suelo;
v’ a planificar las intervenciones destinadas a la recuperacién del ecosistema dafiado.

De hecho, la integracidon del mapa de severidad con los datos de pendiente y tipos de
vegetacion presentes antes del incendio, pueden ofrecer tanto una estimacion de la
erosionabilidad de suelo, como del potencial de regeneracién de la vegetacion.

En este contexto, la técnica de estimacion de la severidad desarrollada en esta tesis doctoral
representa una mejora significativa en precision y aplicabilidad respecto a las técnicas
tradicionales. Sin embargo, para seguir afinando en el modelo de simulacién utilizado,
pensamos que seria conveniente profundizar en las siguientes lineas de investigacion.

1. En primer lugar, dado que las areas de estudio analizadas presentaban en su gran mayoria
valores medio-altos de severidad, se intentara validar el modelo en otras dreas que cubran
todo el rango de GeoCBI con una distribucién mas homogénea de valores.

2. Por otro lado, se validara el modelo en otros ecosistemas siguiendo dos lineas paralelas
de estudio:

v"una experimentacion de laboratorio a nivel de hoja para cuantificar los pardmetros
biofisicos (en hojas verdes y quemadas) de las especies mds comunes de
ecosistemas no mediterraneos, que representan los pardmetros de entrada del
modelo PROSPECT.

v" Lavalidacién en otros incendios con datos de campo.

3. También, se estudiard la aplicabilidad de los modelos de simulacion para la estimacion de
la severidad a medio y largo plazo (a partir de un afio después del incendio). Para abarcar este
ultimo punto, habra que ampliar el rango de simulaciones incluyendo otros tipos de
substratos, ya que las cenizas y el carbdn tienden a perderse rapidamente después del
incendio. Ademas, se intentara colaborar con el servicio forestal de Estados Unidos que cuenta
con una larga experiencia en este campo.

4. Por ultimo, se considerara la utilizaciéon de otras fuentes de datos como los sensores

hiperespectrales y lidar.
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