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a b s t r a c t
Forest ﬁres are one of the most important causes of environmental alteration in Mediterranean countries.
Discrimination of different degrees of burn severity is critical for improving management of ﬁre-affected
areas. This paper aims to evaluate the usefulness of land surface temperature (LST) as potential indicator
of burn severity. We used a large convention-dominated wildﬁre, which occurred on 19–21 September,
2012 in Northwestern Spain. From this area, a 1-year series of six LST images were generated from Landsat
7 Enhanced Thematic Mapper (ETM+) data using a single channel algorithm. Further, the Composite Burn
Index (CBI) was measured in 111 ﬁeld plots to identify the burn severity level (low, moderate, and high).
Evaluation of the potential relationship between post-ﬁre LST and ground measured CBI was performed
by both correlation analysis and regression models. Correlation coefﬁcients were higher in the immediate
post-ﬁre LST images, but decreased during the fall of 2012 and increased again with a second maximum
value in summer, 2013. A linear regression model between post-ﬁre LST and CBI allowed us to represent
spatially predicted CBI (R-squaredadj > 85%). After performing an analysis of variance (ANOVA) between
post-ﬁre LST and CBI, a Fisher’s least signiﬁcant difference test determined that two burn severity levels
(low-moderate and high) could be statistically distinguished. The identiﬁcation of such burn severity
levels is sufﬁcient and useful to forest managers. We conclude that summer post-ﬁre LST from moderate
resolution satellite data may be considered as a valuable indicator of burn severity for large ﬁres in
Mediterranean forest ecosytems.
© 2014 Elsevier B.V. All rights reserved.

Introduction
Large forest ﬁres are becoming more frequent in Mediterranean
areas due to climatic factors and changes in human lifestyles and
economic conditions. They are one of the most important causes
of environmental alteration and land degradation in the Mediterranean Basin because of the post-ﬁre exposure of bare soil to rainfall
(Leone and Lovreglio, 2005) and the associated changes in the inﬁltration process (Cerdà and Robichaud, 2009). Methods that permit
rapid and accurate wildﬁre damage assessments and, therefore,
effective and timely forest management, are crucial. Knowledge of
both the extent of burned areas and burn severity provides foresters
an important tool to develop appropriated post-ﬁre management
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and to update current vegetation maps and information for future
pre-ﬁre planning (Brewer et al., 2005).
Although the measurement of burn severity is very difﬁcult
to deﬁne and quantify (Cocke et al., 2005), the Composite Burn
Index (CBI) developed by Key and Benson (2006) captures the most
important ecological variables of interest to managers and scientists concerned with forest communities (Cocke et al., 2005; Picotte
and Robertson, 2011). CBI can be considered as a standard to ground
measure burn severity. It was initially developed to assess variability in burn severity in pine forests in the western United States as
part of the FIREMON (Fire Effects Monitoring and Inventory Protocol) project but has been adapted to a wide range of environments,
from Mediterranean to boreal (Allen and Sorbel, 2008; Loboda et al.,
2013; Veraverbeke et al., 2010a).
Remote sensing based methods have showed their potential to
accurately assess burn severity over large areas (e.g. FernándezManso et al., 2009; French et al., 2008; Quintano et al., 2013;
Verbyla and Lord, 2008). Different approaches have been used to
estimate burn severity from optical satellite data using mono or
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multi-temporal perspectives; though approaches based on spectral
indexes are widely used because of their computational simplicity and straightforward application (Harris et al., 2011). Thus, both
the normalized difference vegetation index (NDVI) and the normalized burn ratio (NBR) are frequently used in this context (Edwards
et al., 2013; Hoscilo et al., 2013; Srivastava et al., 2013). The differenced version of NBR (dNBR) (Key and Benson, 2006) has become
accepted as the standard spectral index for assessing the severity of
ﬁre (Chen et al., 2011; Miller and Thode, 2007; Soverel et al., 2010).
However, there is no single consistent method that can be applied
to analyzing forest ﬁre effects from satellite data (Boelman et al.,
2011).
Land surface temperature (LST) is a parameter used in studies about urban heat islands (e.g. Deng and Wu, 2013; Essa et al.,
2013), or geothermal areas where LST anomaly is a key indicator
in thermal infrared (TIR) remotely sensed imagery (e.g. Qin et al.,
2011; Vaughan et al., 2012). However, LST has seldom been used
to assess ﬁre damage. The few studies (e.g. Lambin et al., 2003;
Veraverbeke et al., 2010b; Vlassova et al., 2014; Wendt et al., 2007)
that examined effects of ﬁre on surface heating all reported the
expected temperature increase in the immediate post-ﬁre environment. As observed in Veraverbeke et al. (2010b), a typical post-ﬁre
change is an increase in the ratio between sensible and latent heat
ﬂuxes (Bowen ratio). This is due to the decrease in latent heat
ﬂux and consequently less cooling by evapotranspiration (Wendt
et al., 2007). Conversely, sensible and ground heat ﬂuxes reveal a
sharp increase shortly after the ﬁre event. Consequently, soil and
air temperatures are markedly higher after ﬁre occurrence (Wendt
et al., 2007). Different studies (Ge, 2011; Veraverbeke et al., 2012;
Vlassova et al., 2014) have shown how burn severity affects variations in LST within the scar and have concluded that burn severity
is a key parameter in understanding the spatial distribution of LST
in the immediate post-ﬁre environment. Nevertheless, we did not
ﬁnd any work that had analyzed the potentiality of LST to indicate
burn severity.
In this study the main objective is to evaluate the usefulness of
LST to identify burn severity in Mediterranean forests. Furthermore,
we try to analyze the relationship between post-ﬁre LST and burn
severity ground measured by CBI. Additionally, since different studies (e.g. Holden et al., 2009; Lentile et al., 2006; Verbyla et al., 2008;
Wu et al., 2013, 2014) have demonstrated that the relationship
between burn severity and ecological variables (such as elevation,
slope or forest species) is signiﬁcant and highly dependent of the
local characteristics of each study area, the relationship between
post-ﬁre LST and pre-ﬁre ecological variables is also analyzed.
Speciﬁcally, we aim to answer the following questions: (1) How
is post-ﬁre LST inﬂuenced by pre-ﬁre ecological variables (meteorological, vegetation and topographic variables)? (2) Are post-ﬁre
LST and burn severity (ground measured by CBI) related with statistical signiﬁcance? And (3) if so, does post-ﬁre LST allow us to
differentiate three burn severity levels (low, moderate and high)?
All the questions were analyzed from a multitemporal perspective,
studying the short-term temporal evolution of LST after ﬁre. We
hypothesize that if post-ﬁre LST is related to ground measured CBI
with statistical signiﬁcance and it allows us to differentiate several
burn severity levels then LST could be used as an adequate indicator
of CBI immediately after the ﬁre.

LST from satellite TIR data, using a variety of methods to deal with
the emissivity and atmospheric effects: see the work of Li et al.
(2013) for more information. They made an excellent review of the
current status and perspectives of the satellite-derived LST. Similarly, Benmechet et al. (2013) reviewed extraction methods for LST
in terms of their computational algorithms, their different input
parameters and their relative accuracy to make them more readily
usable by a broader cross-section of nontechnical practitioners.
Provided that land surface emissivity is known a priori,
these approaches can be roughly grouped into three categories:
single-channel methods, multi-channel methods and multi-angle
methods. Multi-angle methods can only be applied to homogeneous areas in ideal atmospheric conditions; multi-channel
methods, which are computationally more complicated than
single-channel methods, can increase the measurement errors,
which also inﬂuence the ﬁnal LST accuracy. Finally, single-channel
methods involve a simple inversion of the radiative transfer equation, provided that land surface emissivity and atmospheric proﬁles
are known in advance (Li et al., 2013).
Currently, the atmospheric proﬁles can be provided by the
National Centers for Environmental Prediction (NCEP) or the European Center for Medium-Range Weather Forecasts (ECMWF) but
these data are useful only on a global scale and they need to be
interpolated to a particular date, time and location (Jiménez-Muñoz
et al., 2009). To avoid the dependence on real or modeled atmospheric proﬁles, Jiménez-Muñoz and Sobrino (2003) developed a
generalized single-channel algorithm applicable to any TIR channel with a bandwidth of around 1 m. The algorithm, updated by
Jiménez-Muñoz et al. (2009), relies on estimation of the so-called
atmospheric functions (AFs), which were assumed to be dependent only on atmospheric water vapor content (w). This generalized
single-channel algorithm requires the minimum input data (only
one atmospheric parameter, w) and can be applied to different
thermal sensors using the same equation and coefﬁcients (Li et al.,
2013). We used this algorithm to retrieve LST from Landsat data in
this work.
In this section, we provide a summary of such an algorithm in
order to clarify the following sections. More information about it
can be found in Jiménez-Muñoz and Sobrino (2003) and JiménezMuñoz et al. (2009).
LST is retrieved by using the following general equation:
LST = 

The radiative transfer equation links LST directly to satellitebased TIR data. However, direct estimation of LST from the radiation
emitted in the TIR spectral region is difﬁcult to perform with an
adequate accuracy (1 K or better). Many studies have been carried out and different approaches have been proposed to derive
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where Lsen is the at-sensor radiance; ε is the land surface emissivity;  and ı are two parameters dependent on the Plank’s function
and i with i = 1, 2, 3 are the AFs. All the parameters involved in
(1) are wavelength dependent, but spectral notation is omitted for
simplicity.
AFs are approximated versus w by a second-degree polynomial.
We can express this approximation in matrix notation as:
 = CW

(2)

where  is the 3 × 1 column vector representing the AFs ( i , i = 1, 2,
3); C is a 3 × 3 matrix of coefﬁcients (cij , i = 1, 2, 3, j = 1, 2, 3) obtained
by simulation and W is a 3 × 1 column vector that includes w in (2),
that is expressed as:
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The cij coefﬁcients were obtained by MODTRAN code with different atmospheric sounding databases. The atmospheric proﬁles
of the different databases include values of elevation, pressure,
temperature and relative humidity for each layer. In this work, we
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considered the coefﬁcient obtained by using the TIRG61 database
(which includes 61 atmospheric proﬁles). TIRG61 database was
created by Sobrino et al. (1993) and is the database used in the
pre-processing of the Landsat data within the framework of the
Spanish Remote Sensing Program (PNT). As suggested by JiménezMuñoz et al. (2009), we obtained the value of w from the Moderate
Resolution Imaging Spectroradiometer (MODIS) precipitable water
product (MOD 05) which consists of column water-vapor amounts.
The  and ı parameters can be approximated as:
≈

2
Tsen
b Lsen

ı ≈ Tsen −

(4)
2
Tsen
b

(5)

where Tsen is the at-sensor brightness temperature and b is equal
to 1277 K.
Considering Landsat data, Tsen is commonly approximated from
the Planck’s function by:
Tsen =

K2
ln(1 + K1 /Lsen )

(6)

where K1 = 666.09 W m−2 sr−1 m−1 and K2 = 1282.71 K for Landsat
7 ETM+.
Finally, the land surface emissivity (ε) was computed following the NDVI thresholds method proposed by Sobrino et al. (2008).
The method estimates the emissivity from the red band reﬂectivity
(red ) and the proportion of vegetation cover (Pv ). It uses certain
NDVI thresholds to distinguish between soil pixels (NDVI < NDVIs ),
pixels of full vegetation (NDVI > NDVIv ) and pixels composed of
soil and vegetation (mixed pixels, NDVIs < NDVI < NDVIv ). Values
of NDVIv = 0.5 and NDVIs = 0.2 were proposed by Sobrino and
Raissouni (2000) to apply the method in global conditions. In order
to obtain consistent values of Pv , it must be set to zero for pixels
with NDVI < NDVIs and set to one for pixels with NDVI > NDVIv . The
algorithm has several parameters that can be taken from the bibliography or calculated empirically. We considered the values used
in the pre-processing of Landsat data within the framework of the
Spanish Remote Sensing Program (PNT):
NDVI < NDVIs → ε = 0.979 − 0.035red
NDVIs ≤ NDVI ≤ NDVIv → ε = 0.979 + 0.004Pv

(7)

NDVIv < NDVI → ε = 0.99
where Pv can be estimated as:
Pv =

 NDVI − NDVI

s

NDVIv − NDVIs

2

(8)

Materials
Study area
The study site, ‘Castrocontrigo’, is located in the Sierra del
Teleno, in North-Western Spain (Fig. 1). It is a small mountain range
with an average slope of 10% and elevation ranges above sea level
between 850 and 2100 m. The climate is Mediterranean with an
average annual rainfall between 650 and 900 mm and 2–3 months
of dryness in the summer. Soil in this area is very sandy and acidic
(pH 5.5) with low organic matter content (Calvo et al., 2003). The
Third Spanish National Forest Inventory shows that within the ﬁre
scar roughly 73% was covered by Pinus pinaster Ait., 3% by Pinus
nigra Arm., 2% by Pinus sylvestris L., 7% by Quercus ilex L., 5% by
Quercus pyrenaica Willd and 10% by shrubs (Erica australis L., Calluna vulgaris (L.) Hull, Chamaespartium tridentatum (L.) P.E. Gibbs,
Halimium alyssoides Lam and Genista ﬂorida L.).

3

Table 1
Characteristics of “Castrocontigo” forest ﬁre.
Date
Beginning date
Ending date
Initial ﬁre weather conditions
Temperature (◦ C)
Relative humidity (%)
Wind speed/velocity (km/h)
Wind direction
Temperature 850 Hpa (◦ C)
HAINES index
Litter moisture (%)
Affected area (km2 )
Affected area with trees
Affected area with shrubs
Affected area with grasslands
Total affected area

19 August, 2012
21 August, 2012
32
27
19
South-West
22
6
4
102.65
11.68
3.42
117.75

Fires have frequently occurred in this forest ecosystem, generally affecting small areas and mostly caused by dry spring–summer
storms. However, in August 2012 there was a large ﬁre, which
burned 117.75 km2 for 3 days (between August 19 and 21, when
a heat wave affected the study site) (Table 1). The 2012 spring was
drier than usual and the summer was extremely dry (it was the
second driest summer in the last 60 years) with an average August
precipitation 40% less than the average value. On the contrary, the
fall of 2012 was very humid (40% more than usual) (Spanish Government Agency of Meteorology, AEMET). Regarding the initial ﬁre
weather conditions, the ﬁre had a Haines Index equal to 6 (maximum value), which shows the high potential contribution of dry,
unstable air to the development of the large and erratic plumedominated ﬁre. Due to the importance of this ﬁre, it was recorded
in the Reference Report by the Joint Research Center of the European Commission: “Forest Fires in Europe, the Middle East and
North Africa 2012”, as one of the most important large ﬁres at the
European level (Schmuck et al., 2012). For a summary of the ﬁre
characteristics, see Table 1.
Datasets
Field data
To evaluate burn severity directly in the ﬁeld, CBI measurements were collected from 9 to 12 weeks after the wildﬁre. CBI was
designed to deﬁne ecological burn severity and measure ground
effects, which collectively provide a signal detected by moderate resolution satellite sensors, as Landsat 7 ETM+. This method
assesses the vegetation and soil changes resulting from ﬁre within
a 30-m-diameter circular ground plot by calculating an overall
continuous severity index ranging from 0 to 3, with 0 indicating unburned and 3 indicating maximum ﬁre severity. Average
conditions of the community were evaluated visually in each vegetation strata. Individual CBI values are calculated for each of the
ﬁve strata: substrate (litter, soil), vegetation 1 m high, vegetation
1–5 m high, subcanopy trees and upper canopy trees. If strata were
not present or were underrepresented, they were left out of the
assessment or combined with other strata as appropriate. Each of
these strata has four rating factors that are assigned a value ranging from 0 to 3, following speciﬁc criteria (see Key and Benson,
2006 for a complete description). These rating-factor scores were
averaged to determine the CBI score for each stratum and the overall CBI score is the average of the CBI between strata. As Miller
and Thode (2007) pointed out, choosing which CBI values to use
as thresholds between severity categories is somewhat subjective.
As they did, we chose to place the thresholds halfway between the
values listed as general guides on the CBI data form for low, moderate and high categories: unburned (0), low severity (0.1–1.24),
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Fig. 1. Right: location of study area, center: weather stations location; left: forest stand limits, and ofﬁcial ﬁre perimeter.

moderate severity (1.25–2.24), high severity (2.25–3). Each CBI plot
was georeferenced using a Global Positioning System.
To evaluate the immediate effects of ﬁre, we measured a total
of 111 plots in the surface burned. The plots were located in areas
of homogeneous forest structure and ﬁre effects and the number of
plots evaluated in each burn severity class was selected according
to the proportional surface included in each class, taking account of
the initial ofﬁcial severity map. The high ﬁre intensity meant that
most of the forest affected corresponded to the high burn severity class. The low burn severity areas were mainly encountered
near the ﬁre perimeter and in small valleys (more humid). Though
we followed Key and Benson (2006) who recommended sampling
20–40 plots per severity type, CBI ﬁeld plots were disproportionally distributed over the burn severity levels: 27 unburned plots, 8
low severity plots, 29 moderate severity plots and 47 high severity plots. Fig. 2 shows some ﬁeld plot examples of different burn
severity levels.
Remotely sensed data
We used six Landsat-7 ETM+ scenes (path/row 203/31), acquired
after the forest ﬁre: speciﬁcally, on 21 August, 2012, 6 September,
2012, 8 October, 2012, 18 April, 2013, 5 June, 2013 and 9 September,
2013. The scenes were downloaded from the US Geological Survey
(USGS) and had an L1G level of processing, which implies that the
data product provides systematic radiometric and geometric accuracy and that the scene is rotated, aligned and geo-referenced to
the UTM map projection.
The forest ﬁre selected in this work was located in an area covered by ETM+ that were not affected by the failure of the scan line
corrector (SLC) that occurred in May 2003. This malfunction of the
SLC mirror assembly results in the loss of approximately 22% of the
normal scene area (Storey et al., 2005).

System Data and Information System (EOSDIS) web interface
(http://reverb.echo.nasa.gov/). MODIS precipitable water product
allowed us to obtain w needed in (2) and (3). We used the MODIS
Land Surface Temperature and Emissivity product to check the correctness of the values of LST images obtained from (1).
The meteorological information of the study area was obtained
from AEMET weather stations close to the area (see Fig. 1). In
the study, we considered: precipitation level (mm) (daily and 30
days accumulated), air temperature (◦ C) (average, maximum, minimum), relative humidity (%) and wind speed (km h−1 ). Pre-ﬁre
vegetation variables: forest species, development stage, canopy
percent cover and understory class were obtained from the county
Forest Management Plan (Junta de Castilla y León, 2008).
Methods
The proposed methodology comprises three steps: preprocessing of remotely sensed data, LST calculation, and building
and statistical analysis of our work database (Fig. 3). Pre-processing
of the post-ﬁre Landsat 7 ETM+ images included subsetting,
topographic normalization, and atmospheric correction (reﬂective
bands). Next, the LST images were calculated by using a single
channel method (see LST Background Section for more details).
Finally, the LST values matching to the ﬁeld plots were extracted
and used along with the ﬁeld data to form the work database to
be statistically analyzed. As other studies relating spectral indices
to ﬁeld measurements of burn severity did (e.g. Chafer et al., 2004;
Cocke et al., 2005; Edwards et al., 2013), our statistical analysis was
mainly based on regression models and one-way ANOVA. All computations, except statistical analysis, were carried out using the R
statistical package (R Development Core Team, 2013).
Pre-processing of remotely sensed data

Ancillary data
A digital elevation model (DEM) was used to perform the
topographic normalization of the Landsat 7 ETM+ images. We
utilized the Advanced Spaceborne Thermal Emission and Reﬂection Radiometer (ASTER) Global Digital Elevation Model Version 2
(GDEM V2) provided by USGS. The DEM was also used to obtain
the topographic variables (aspect, elevation and slope) that were
related to post-ﬁre LST in the ﬁrst stage of our study.
Additionally, we downloaded the MODIS precipitable water
product (MOD 05) and the MODIS Land Surface Temperature
and Emissivity product (MOD 11) from the National Aeronautics and Space Administration (NASA) Earth Observation

The Landsat 7 ETM+ scenes were subset to the selected
forest ﬁre (latitude/longitude coordinates: upper left corner, 42◦ 20 38.27 N/6◦ 16 49.51 W; and lower right corner
42◦ 13 59.97 N/6◦ 8 28.40 W). The subset images were topographically normalized using the C-correction algorithm developed by
Teillet et al. (1982). 10% of the pixel images were used to deﬁne the
‘C’ constant of the algorithm. Next, the reﬂective Landsat 7 ETM+
bands were scaled to surface reﬂectance. With this objective, the
original digital numbers of all bands were converted to radiance
values (L ) using the procedure and coefﬁcient values proposed
by Chander et al. (2009). The radiance to surface reﬂectance ()
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Fig. 2. Example of ﬁeld photographs of each burn severity level.

conversion was performed by using the image-based cosine of the
solar transmittance (COST) method (Chavez, 1996). Path radiance
(Lp ) values were computed by using the formulae reported in Song
et al. (2001), which assumes 1% surface reﬂectance for dark objects

(Chavez, 1989, 1996). To process the medium resolution images in
the PNT framework we used the transmittance values proposed
by Chavez (1996) for bands 1–4, and the values recommended by
Gilabert et al. (1994) for bands 5 and 7.

Fig. 3. Methodology ﬂowchart. Note: AEMET: Spanish Government Agency of Meteorology; FMP: Forest Management Plan; PV: proportion of vegetation cover
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LST calculation
The Landsat 7 ETM+ Level 1 product has two thermal bands:
one acquired using a low gain setting (often referred to as band
6L: useful temperature range of 130–350 K) and the other using
a high gain setting (often referred to as band 6H: useful temperature range of 240–320 K) (Chander et al., 2009). The two
thermal bands, ﬁrst converted from DN to radiance, were scaled to
brightness temperature (T), following the equation and coefﬁcients
proposed by Chander et al. (2009). Next, brightness temperature
was transformed into surface temperature by using the generalized single-channel algorithm developed by Jiménez-Muñoz and
Sobrino (2003) and updated by Jiménez-Muñoz et al. (2009). w
values were obtained from MODIS product MOD05 and emissivity
was computed following the algorithm proposed by Sobrino et al.
(2008). See LST Background section, for more details.
After LST images were computed, they were compared to LST
images from MODIS Land Surface Temperature and Emissivity
product to check the correctness of their values. We compared both
histograms (from MODIS- and Landsat-based LST images) to see
whether differences in mean and range were negligible. Due to its
temporal proximity to the Landsat scan-time only daytime MODIS
Terra Land Surface Temperature and Emissivity product were used
in our study.
We checked that band 6H saturated in some pixels of LST images
near to the forest ﬁre date. Thus, we used band 6L instead of band
6H to compute the deﬁnitive LST images because of the wider temperature range of band 6L.
Work database building and statistical analysis
A mean 3 × 3 ﬁlter was applied to the post-ﬁre LST images as
a prior step to the extraction of digital values for the ﬁeld plots
surveyed. After checking the normality (kurtosis normality test) of
all the variables, they constituted the complete work database to
be statistically analyzed.
We carried out analysis of the inﬂuence of climate, vegetation and topographic variables on LST values. Correlation analysis
enabled us to study the local effect of climate variables on LST.
Regarding vegetation and topographic variables, one-way ANOVA
was used. Speciﬁcally, four categories were taken into account
in the forest species variable: P. sylvestris, P. pinaster, a mixture
of P. sylvestris and P. nigra, and Q. pyrenaica; seven in development stage: seedling stage, thicket stage, low pole stage, high
pole stage, young timber stage, middle timber stage and old timber stage; three in the canopy percent cover: dense, medium
and open; and three in understory class: dense shrub, open
shrub, and grassland. Regarding topographic variables, the aspect
had eight classes: North (0◦ –22.5◦ ), Northeast (22.5◦ –67.5◦ ), East
(67.5◦ –112.5◦ ), Southeast (112.5◦ –157.5◦ ), South (157.5◦ –202.5◦ ),
Southwest (202.5◦ –247.5◦ ), West (247.5◦ –292.5◦ ), Northwest
(292.5◦ –337.5◦ ), and North (337.5◦ –360◦ ). Elevation had ﬁve
classes: 800–900 m, 901–1000 m, 1001–1100 m, 1001–1200 m, and
1201 m–highest value; and, slope had four classes: 0◦ –5◦ , 5◦ –10◦ ,
10◦ –20◦ , 20◦ –highest value.
To evaluate the potential relationship between post-ﬁre LST and
ground measured CBI, we used both Pearson correlation analysis
and regression models. These two statistical methods were effectively used by different authors (see Godwin and Kobziar, 2011;
Loboda et al., 2013; Miller and Thode, 2007) to analyze relationships between burn severity and satellite-derived data. The analysis
of the linear and nonlinear regression models with post-ﬁre LST as
the independent variable and CBI as the response showed negligible differences in the R-squared value. Although non-linear models
did produce a higher R-squared value and a lower standard error
than linear model, such improvement was only marginal. As model

selection is a balance between complexity and performance, and
linear models are easier to interpret than nonlinear ones, we deﬁnitely chose the linear model to generate the spatial representation
of predicted CBI from post-ﬁre LST. The potential of LST as indicator of burn severity was evaluated using the statistic R-squaredadj ,
which accounts for both the sample size and the number of predictors in the model (Ryan, 1997).
A one-way ANOVA was performed for each of the six post-ﬁre
LST images considering the LST values grouped per burn severity
class: unburned, low, moderate and high, to check if LST allow us to
differentiate three burn severity levels and could be used as a indicator of burn severity. Fisher’s least signiﬁcant difference (LSD) test
was performed to determine which sample means are signiﬁcantly
different from other ones.
Results
Important temperature spatial differences between burned and
unburned areas were visually noticed in the post-ﬁre LST images
(Fig. 4). Such differences were more evident in the LST images closer
to the ﬁre date. Furthermore, we could see temperature spatial differences inside of burn perimeter. These facts demonstrate that it is
possible to observe visually LST sensitivity to burn severity levels.
In the upper part of the ﬁrst LST image (Fig. 4a), smoke from the
forest ﬁre is observed and clouds appear on the lower, left corner
of the third LST image (Fig. 4c). The ﬁeld plots located in such problematic areas were not taken into account when the work database
was built, to minimize the potential problems.
Forest ﬁres led to an important initial LST increase (Table 2)
which varied with time. By comparing the mean values of burned
and unburned plots for each LST image, we can minimize the
inﬂuence of external and meteorological parameters in such LST
variations. The difference between the mean values of burned
and unburned plots in the immediate post-ﬁre image (15.51 K)
decreased over the ﬁrst year considered (up to 6.81 K in the October
2012 image). The principal reason for this decrease was the seasonal effect. During 2013, we observed the same pattern: the
difference increased during the summer and decreased in the
September LST image. The magnitude of the 2013 LST increase was
smaller than that occurred in 2012, so in time there was less variability in the values of the LST. Our study also showed LST variability
within the burned area. The standard deviation values implied a
spatial heterogeneity which is related to burn severity. Speciﬁcally,
the average standard deviation of burned plots in the LST image
following the ﬁre (09/06/12) was 4.01 K. A year after the ﬁre, the
standard deviation in the burned plots was 3.28 K.
How is post-ﬁre LST inﬂuenced by ecological variables?
From the comparison between LST and the meteorological
information (daily air temperature maximum, Tamax ; daily air temperature minimum, Tamin ; air temperature at Landsat scan time;
precipitation level; relative humidity; wind speed) (Table 3), we
could identify that in the unburned plots there was a linear relationship between post-ﬁre LST values and Ta (both Tamax and Ta at
Landsat scan time, R-squaredadj = 0.9438 and R-squaredadj = 0.7851,
p value < 0.05, respectively, n = 6). Tamax and LST differed in an
average of 2.19 K. This relationship conﬁrms the high accuracy of
the LST calculation. This fact and the previous comparison with
MODIS-based LST images enables us to afﬁrm the correctness of the
computed Landsat-based LST images. Regarding the burned plots,
although post-ﬁre LST values also showed a linear relationship with
Ta (R-squaredadj = 0.7856 with Tamax , and R-squaredadj = 0.6389
with at Landsat scan time Ta, p value < 0.05, n = 6), this relationship
was not as strong as that in the unburned plots. Burned plots were
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Fig. 4. LST images from Landsat 7 ETM+ data (mm/dd/yy): upper left, 08/21/12; upper right, 09/06/12; center left, 10/08/12; center right, 04/18/13; lower left, 06/05/13;
lower right, 09/09/13.

signiﬁcantly warmer than the surrounding unburned areas (Tamax
and LST differed in an average of 14.32 K). Neither the burned nor
the unburned plots presented high correlations with precipitation,
relative humidity and wind speed values.
Regarding vegetation and topographic variables, we found a
signiﬁcant relationship between post-ﬁre LST and the understory
class, forest species and development stage (Table 4). Forest species

and understory class had a signiﬁcant relationship with LST in the
six dates studied and the development stage in ﬁve of the six dates.
On the contrary, canopy percent cover did not show signiﬁcant
differences with post-ﬁre LST in any of the dates. Topographic variables (elevation and aspect) showed a signiﬁcant relationship with
LST. Slope, however, did not present a statistical signiﬁcance in any
of the dates.
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Table 2
Statistical characteristics of LST images.
Land surface temperature (K)

LST

Burned
Unburned
Burned
Unburned

 LST

LST(burned) − LST(unburned)

Landsat acquisition date (mm/dd/yy)
08/21/12

09/06/12

10/08/12

04/18/13

06/05/13

09/09/13

324.35
308.84
4.31
2.12
15.51

316.40
303.67
4.01
5.55
12.73

306.54
299.73
5.61
5.42
6.81

305.74
294.37
3.48
2.12
11.37

316.17
301.96
3.45
2.31
14.21

310.25
298.08
3.28
2.10
12.17

LST : mean value of land surface temperature in ﬁeld plots;  LST : standard deviation of land surface temperature in ﬁeld plots; LST(burned) : mean value of land surface
temperature in burned ﬁeld plots; LST(unburned) : mean value of land surface temperature in unburned plots;
Table 3
Meteorological variables.
Meteorological variables

Landsat acquisition date (mm/dd/yy)

◦

Tamax ( C)
Tamin (◦ C)
Ta at Landsat scan time (◦ C)
Precipitation level (mm) (daily)
Precipitation level (mm) (30 days accumulated)
Relative humidity (%)
Wind speed (km−1 )

08/21/12

09/06/12

10/08/12

04/18/13

06/05/13

09/09/13

32.9
9.5
21
0
0
70
10

29.6
7.1
16
0
0
75
7.5

24.3
9.6
14
0
0
80
10

18.9
5.2
12
0
0
85
6

25.5
6.1
13
0
0
70
5

24.3
5.9
13
0
0
60
4

Ta: air temperature; Tamax : maximum air temperature; Tamin : minimum air temperature.
Table 4
F-ratio and p value of analysis of variance between LST images and vegetation and topographic variables.
LST (Landsat acquisition date – mm/dd/yy)

Vegetation variables
Forest species
Development stage
Canopy percent cover
Understory class
Topographic variables
Elevation
Aspect
Slope
*

08/21/12

09/06/12

10/08/12

04/18/13

06/05/13

09/09/13

6.25
(0.0008* )
6.50
(0.0001* )
0.88
(0.4539)
11.52
(0.0000* )

7.92
(0.0000* )
2.31
(0.0400* )
1.21
(0.3098)
5.37
(0.0018* )

3.53
(0.0199* )
4.99
(0.0015* )
0.52
(0.6684)
6.29
(0.0034* )

5.67
(0.0013* )
2.04
(0.0798)
1.18
(0.3225)
7.78
(0.0001* )

6.89
(0.0003* )
2.35
(0.0471* )
1.77
(0.1576)
7.40
(0.0002* )

7.73
(0.0002* )
6.00
(0.0001* )
1.33
(0.2700)
10.31
(0.0000* )

3.55
(0.0101* )
2.77
(0.0126* )
1.88
(0.1398)

7.26
(0.0000* )
2.74
(0.0129* )
1.63
(0.1860)

3.32
0.0181* )
2.42
0.0278* )
0.35
0.7866)

5.71
(0.0003* )
2.87
(0.0088* )
1.91
(0.1328)

6.41
(0.0001* )
3.66
(0.0014* )
0.41
(0.0687)

4.46
(0.0023* )
3.02
(0.0063* )
1.75
(0.1151)

p value < 0.05.

Are post-ﬁre LST and burn severity (ground measured by CBI)
related with statistical signiﬁcance?
Linear regression models between post-ﬁre LST and CBI values explained 46–91% of the variation in observed CBI (Table 5).
There was a high correlation between post-ﬁre LST and CBI ﬁeld
values for all the dates except for the LST image of October, 2012
(10/08/12). The R-squaredadj values are higher in the immediately
post-ﬁre LST images (90.59%, 84.43%) and decrease during the
2012 fall. The following year these patterns of coefﬁcients variation
were repeated, although with less variability than in previous year.
Table 5 demonstrates that post-ﬁre LST and CBI are signiﬁcantly
related immediately after the ﬁre, that this relation is weaker during fall-winter and that it is stronger again the following summer.
A spatial representation of predicted CBI levels was generated
from post-ﬁre LST by using a linear regression model. Fig. 5 displays the spatial representation of predicted CBI values from the LST
image of 6 September, 2012. Predicted CBI is ranged between 0 and
3. The ﬁgure shows that most of the burned area has a high severity

level as reported by ofﬁcial sources. Only small valleys inside the
ﬁre perimeter display a low-moderate burn severity level or even
an unburned level.
Does post-ﬁre LST allow us to differentiate three burn severity
levels (low, moderate and high)?
The results of the one-way ANOVA (Table 6) showed signiﬁcant differences (p < 0.05) between the mean post-ﬁre LST values
from one level of burn severity to another. In all cases, the p value
of the F-test was less than 0.05, indicating that there is a significant difference between the mean post-ﬁre LST values from one
level of burn severity to another at the 95% conﬁdence level. Therefore, we could identify the following homogenous groups: in the
ﬁrst two LST images (close to forest ﬁre date), we differentiated
two levels of burn severity: low-moderate and high. In the next
two LST images, corresponding to autumn–winter and spring, it
was possible to distinguish only burned and unburned classes with
statistical signiﬁcance. Finally, the last two LST images (summer,
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Table 5
Linear regression models between post-ﬁre LST and CBI ﬁeld values.
LST (Landsat acquisition date – mm/dd/yy)
08/21/12

09/06/12

10/08/12

04/18/13

06/05/13

09/09/13

Linear regression (CBI = a × LST + b)
−44.7422
Intercept
0.1452
Slope
Correlation coefﬁcient
0.95
R-squaredadj (%)
90.59
Standard error
0.38
0.30
Mean absolute error

−41.3536
0.1379
0.92
84.43
0.47
0.38

−39.8607
0.0136
0.69
46.25
0.81
0.70

−50.6768
0.1731
0.87
74.84
0.58
0.44

−46.2227
0.1535
0.92
84.04
0.47
0.37

−49.4828
0.1667
0.89
78.73
0.54
0.43

R-squaredadj (%) (adjusted for degrees of freedom).

Table 6
Fisher’s least signiﬁcant difference test for the LST images and burn severity levels.
Burn severity levels

LST (Landsat acquisition date – mm/dd/yy)
08/21/12

Unburned
Low
Moderate
High

09/06/12
HG

 (K)

HG

 (K)

HG

308.84
321.95
321.23
326.54

a
b
b
c

303.67
316.14
316.23
318.93

a
b
b
c

299.73
305.57
306.12
306.98

a
b
b
b

04/18/13

Unburned
Low
Moderate
High

10/08/12

 (K)

06/05/13

09/09/13

 (K)

HG

 (K)

HG

 (K)

HG

294.37
304.73
304.84
306.47

a
b
b
b

301.96
315.03
314.70
317.27

a
b
b
c

298.08
307.93
310.11
310.75

a
b
c
c

: mean value; HG: homogeneous groups, different letters in each HG column indicate a group of means within which there are no signiﬁcant differences.

Discussion

Fig. 5. Spatial representation of predicted CBI from LST image (09/06/12), generated
by using a linear regression model.

2013) enabled us once more to differentiate two burn severity levels. Therefore, post-ﬁre LST images from the summer period are the
more adequate to identify two severity classes. The two identiﬁed
burn severity classes had a difference of 3–4 K.

Post-ﬁre LST may be a good indicator of the ecological variable changes. In this study case, we identiﬁed three vegetation
variables (forest species, understory class and development stage),
signiﬁcantly related to post-ﬁre LST. Both the understory cover and
development stage are important in relation to burn severity (Wu
et al., 2013). Areas with increased understory cover have higher
vertical fuel continuity and, consequently, increased burn severity
(e.g., crown ﬁre) (Ryan, 2002; Thompson et al., 2011; Thompson
and Spies, 2009). With regard to forest species, Lee et al. (2009)
afﬁrmed that burn severity in Samchuck, Korea, depended on forest cover type, similar to the selective effects of forest composition
on burn severity reported from many other geographic locations
(e.g. Collins et al., 2007; Wimberly and Reilly, 2007). In general,
pine forests are positively associated with ﬁre spread, ignition and
severity due to their susceptibility to ﬁre (Collins et al., 2007). Other
studies (Alexander et al., 2006; Barrett et al., 2010; Lee et al., 2009;
Wu et al., 2014) found that topographic variables had an important
inﬂuence in explaining burn severity. In our work, only elevation
and aspect showed a statistically signiﬁcant relationship with postﬁre LST. Wu et al. (2013) stated that elevation and aspect strongly
affect solar radiation, which controls the amount and moisture content of fuels to burn. The slope, however, mainly affects the spread
rate and direction of a ﬁre.
As previous studies did (Huang et al., 2013; Mölders and Kramm,
2007; Veraverbeke et al., 2012) we observed an important LST
increase in the immediate post-ﬁre scene. Our ﬁrst LST image
(08/21/2012, when ﬁre was still present) displayed an LST difference between burned and unburned plots of 15.51 K (see Table 2).
This fact indicates that ﬁre signiﬁcantly warmed the surface temperature shortly after the disturbance. Other authors obtained
similar results. Huang et al. (2013) found a difference of 12.6 K
between areas inside and outside the ﬁre scars in the same year
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in Yukon River Basin (Alaska). Mölders and Kramm (2007) showed
that burned areas in inner Alaska increased up to 13.4 K. In Mediterranean areas, Veraverbeke et al. (2012) found a mean LST day-time
increase of 8.4 K shortly after the ﬁre. These ﬁndings are similar
to those found in a ﬁeld scale. Warming of the soil following ﬁre
is well documented (Mohamed et al., 2007; Marcos et al., 2009)
and differences of about 5–10 ◦ C between soil burn and unburned
have been measured in ﬁeld studies. This increase is related to the
degree of alteration of the soil surface and the reduction in plant
cover (Vermeire et al., 2005), which allows more energy to reach
the ground.
A year after the ﬁre, the burned area remained warmer than
the unburned one (12.17 K of difference). Our results coincide with
other authors’ ﬁndings. Huang et al. (2013) showed that even after
1 year, the LST for ﬁre scars was still 9.0 K higher than the unburned
patches and Ge (2011) found that the LST increase reached a maximum of 3.2 K in the year immediately following a large ﬁre in
Alaska. These results could be explained by the low vegetation
regeneration that we observed in this area (results not published).
In general, this P. pinaster forest had a good regeneration when it
was affected by a less severe wildﬁre. Calvo et al. (2003, 2008) in
post-ﬁre succession studies in this study area demonstrated that 1
year after a wildﬁre there was good vegetation regeneration, mainly
related to the resprouting of woody species which cover approximately 30% of the surface burned. However, after a severe wildﬁre,
the community needs more time to start the regeneration of seeder
or resprouting species.
Changes in post-ﬁre LST are, however, not only dependent on
burn severity but also on the seasonal conditions of the acquisition period (Veraverbeke et al., 2012). As Weng and Fu (2014)
observed, the annual cycle of LST measurements is part of the ﬂuctuation that is attributed to the Earth’s changing position over the
course of the year. The seasonal variability of soil temperature after
ﬁres has been documented in ﬁeld studies (e.g. Marcos et al., 2009).
They found that the difference between burned and unburned soil
temperature was more marked in summer because of the fact that
vegetation softens the increase of air temperature close to the land
surface which has a direct inﬂuence on LST. In our study, post-ﬁre
LST images showed the same seasonal patterns: important changes
between burned and unburned areas immediately after ﬁre and
during summer periods, and insigniﬁcant differences during winter periods. Therefore, only summer post-ﬁre LST images may be
potentially useful as indicators of burn severity in Mediterranean
ecosystems. Because most of the ﬁres in Mediterranean areas occur
during the extended summer period and optical cloud cover winter images, very often the impossibility of distinguishing different
severity levels during winter is not a real problem.
Summer post-ﬁre LST images enabled us to distinguish, with
statistical signiﬁcance, two burn severity levels (low-moderate and
high) instead of the three levels initially proposed. Though differentiating only two different levels of burn severity has been strongly
inﬂuenced by the characteristics of the wildﬁre (the high severity
level was predominant) this fact is not exclusive of LST-based studies. When burn severity is estimated from other satellite-derived
data, the accuracy of some of the burn severity levels is quite poor in
some studies (e.g. Cocke et al., 2005; Tanase et al., 2011), indicating
that three burn severity levels may not be perfectly distinguished.
Miller and Thode (2007) stated that there is always confusion in
the unburned, low and moderate categories since it is difﬁcult to
see under tree canopies using passive sensors. Since CBI is a linear combination of variables from all structural strata, some ﬁre
effects under the tree canopy may be hidden from the sensor. However, minimizing classiﬁcation errors for the high severity class
will prove beneﬁcial to land managers since it allows identiﬁcation of more areas that are severely burned. Furthermore, given
that perhaps the most common reason for studying burn severity

is to target areas for recovery (Cocke et al., 2005), differentiating
the high severity level from the rest of the burn severity levels may
provide enough information for forest managers.
The linear regression models between post-ﬁre LST and ﬁeld
measured CBI had a high R-squaredadj value (in ﬁve of the six dates
it was between 75% and 91%). These values are higher than Rsquaredadj values of regression models between spectral indexes
and CBI reported by other studies (Miller et al., 2009; Wimberly
and Reilly, 2007). As possible causes of this difference, Murphy
et al. (2008) expressed that the gap in observed CBI values between
unburned and burned ﬁeld plots inﬂates the R-squaredadj as it
mainly summarized the dNBR’s ability to predict the difference
between unburned and burned sites rather than systematic variation in burn severity levels among the burned sites. Other authors
(e.g. Hall et al., 2008), however, observed values quite similar to the
R-squaredadj values found in our study. Considering a conventiondominated ﬁre, where high severity values were predominant,
probably inﬂuenced these high R-squaredadj values as well. Our
post-ﬁre LST based approach, however, could be generalizable into
other Mediterranean forest ﬁres (likely with lower R-squaredadj
values). Future works taking into account forest ﬁres with different
severity patterns and different sizes should assess post-ﬁre LST as
a valuable indicator of burn severity.
Improvement of existing single channel algorithms to calculate
LST from remotely sensed imagery together to a greater availability of thermal data (speciﬁcally, Thermal Infrared Sensor (TIRS) on
board Landsat 8) show the high potential of post-ﬁre LST to provide
information on burn severity. Future research should check the possibility of combining post-ﬁre LST with commonly used spectral
information to improve burn severity levels discrimination.

Conclusion
Our study provides better understanding of the multitemporal
changes in energy ﬂuxes within the burn perimeter and contributes
to analyzing their important ecological implications. Though thermal remote sensing is recognized as being a major source of
quantitative and qualitative information on land surface processes,
this is the ﬁrst LST-based study that assesses burn damage in
Mediterranean forests relating post-ﬁre LST to burn severity ground
measured by CBI.
We validated summer LST post-ﬁre data as an indicator of burn
severity in a large forest ﬁre which took place in North-West Spain
from 19 to 21 September, 2012. We considered three burn severity
levels (low, moderate and high) to ground measure burn severity by CBI (111 plots). The post-ﬁre LST images covering a year
after the forest ﬁre showed a signiﬁcant relationship to ground
measured CBI values. A linear regression model led to a spatial representation of predicted CBI from summer LST post-ﬁre images.
This representation may be used by forest managers as an effective tool to deﬁne post-ﬁre management strategies. Additionally,
our results conﬁrmed previous ﬁndings and revealed that LST is
highly dependent on seasonality. LST sharply increased immediately after the ﬁre event; during fall-winter, the increases were
minimal; and during the following spring–summer, this increase
was again especially obvious. There were signiﬁcant relationships
between LST and ecological/topographical variables such as elevation, aspect, forest species, understory class and development
stage.
We conclude that post-ﬁre LST from moderate resolution satellite data can be considered a valuable indicator of burn severity
for large forest ﬁres in Mediterranean ecosystems. This could help
to understand the severity level patterns and their important ecological implications which may be helpful for ﬁre management
strategies.
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