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A B S T R A C T

Mediterranean ecosystems are adapted to recurrent forest fires by having regeneration mechanisms that overcome the
immediate effects of fire. However, the increasing frequency of fires in most European Mediterranean countries is chal-
lenging the natural regrowth capability of these ecosystems. In this context, monitoring post-fire vegetation recovery is a
priority for forest management and soil erosion control. In this work, a 13-year series (1999–2011) of Landsat 5 Thematic
Mapper (TM)/Landsat 7 Enhanced Thematic Mapper (ETM +) data was used to model post-fire vegetation recovery as a
function of burn severity and to quantify post-fire resilience as a measure of vegetation cover regrowth. We evaluated a
large forest fire located in Spain that burned approximately 30 km2 of Pinus pinaster Ait. in August 1998. 88 field plots of
four burn severity levels (unburned, low, moderate and high) were measured in the field a year after the fire. As a variable
representative of vegetation, we chose the shade normalized green vegetation fraction image (SGV) obtained by applying
Multiple Endmember Spectral Mixture Analysis (MESMA) to the original Landsat TM/ETM + images. The SGV values
were extracted for the 88 field plots and, after performing a one-way analysis of variance (ANOVA), a Fisher's Least
Significant Difference (LSD) test allowed us to estimate resilience of vegetation cover as the number of post-fire years
exhibiting a statistically significant difference between burned and unburned areas. Next, SGV values were referenced
to unburned control plots values and the vegetation recovery index (VRI) was defined. The evolution in time curve of
VRI for low, moderate and highly fire affected vegetation was fit using trend models (specifically, an exponential trend
for VRI in high and moderate burn severity levels; a linear trend for low burn severity level, Root Mean Square Error,
RMSE = 0.18, 0.13, and 0.09, respectively). We observed that vegetation cover affected by low severity fire recovered
to its original state after 7 years, and vegetation cover affected by moderate severity recovered after 13 years. Vegetation
affected by high severity fire was estimated to recover after 20 years. We conclude that VRI time series based on multi-
temporal MESMA fractions from Landsat data can be considered a valuable indicator of the post-fire vegetation cover
recovery. Its temporal evolution represented post-fire vegetation cover regrowth adequately and facilitated the estimate
of vegetation cover resilience in Mediterranean forests.
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1. Introduction

Mediterranean forest ecosystems are subjected to recurring fires,
being their most significant disturbance (White et al., 1997). Accu-
rate post-fire vegetation regeneration monitoring is a crucial condi-
tioning factor for post-fire land management (Ruíz-Gallardo et al.,
2004). As burned areas often have limited accessibility and cover
large areas, satellite remote sensing and geographic information sys-
tems are considered essential for gathering and analyzing spatially ex-
plicit information, enabling the assessment of forest recovery after fire
(Chuvieco, 2009; Gitas et al., 2012). With nearly 40 years of contin-
uous observation, free Landsat imagery has become the most widely
used information source to monitor vegetation dynamics (Bolton et
al., 2015). Its spectral and spatial resolutions have demonstrated sig-
nificant utility and the existence of a large number of images ac

⁎⁎ Corresponding author.

quired over a single region have allowed for Landsat based time se-
ries analysis approaches. Since vegetation indices (or more generally
spectral indices) from satellite imagery have been commonly used to
monitor, analyze and map temporal and spatial dynamics of post-fire
environments (Chu and Guo, 2014), spectral index time series analy-
sis has been a multitemporal procedure particularly useful to monitor
post-fire vegetation (Bastos et al., 2011; Chen et al., 2014; Dubovyk
et al., 2015; Lanorte et al., 2014; Riaño et al., 2002; van Leeuwen et
al., 2010).

Most of the studies related post-fire vegetation recovery are based
on Normalized Difference Vegetation Index (NDVI) (Bastos et al.,
2011; Ireland and Petropoulos, 2015; Petropoulos et al., 2014; Sever
et al., 2012; Vicente-Serrano et al., 2011). There are, however, some
examples based on other vegetation indexes as Enhanced Vegetation
Index (EVI) (Abdul-Malak et al., 2015) or on the European Remote-
Sensing (ERS) (C-band VV) backscatter coefficient (Polychronaki et
al., 2014). However, post-fire environments are typically composed
of vegetation and substrate. Thus, analysis of post-fire vegetation

http://dx.doi.org/10.1016/j.rse.2016.06.015
0034-4257/© 2016 Published by Elsevier Ltd.
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cover recovery using moderate spatial resolution sensors such as
Landsat constitutes a sub-pixel mixing question (Veraverbeke et al.,
2012). Though different sub-pixel image analysis techniques exist,
linear Spectral Mixture Analysis (SMA) is the most often utilized
(Quintano et al., 2012). This technique deals with mixed pixels by ef-
fectively defining independent endmembers that are supposed to rep-
resent the most important terrain attributes. SMA quantifies the sub-
pixel fractional cover of each defined endmember. Compared to con-
ventional spectral indices SMA is capable of detecting lower cover
fractions and reduces the influence of background effects of soil color
or moisture (Elmore et al., 2000). Additionally, fraction images from
SMA are easier to interpret than spectral indices as they have a phys-
ical meaning (Adams et al., 1995). In terms of post-fire impacts,
SMA has been used to analyze post-fire vegetation recovery in sev-
eral studies (rather fewer than vegetation indices). Notable examples
include papers by Riaño et al. (2002); Röder et al. (2008); Sankey
et al. (2008); Smith et al. (2007); Souza et al. (2003); Twele (2004),
Vereverbeke et al. (2012b) and Vila and Barbosa (2010). Multiple
Endmember Spectral Mixture Analysis (MESMA), a modification of
SMA, enables the use of multiple endmembers within a scene, making
it possible to test different combinations of endmembers for each pixel
in the image (Roberts et al., 1998). Though SMA fraction images have
shown satisfactory results in post-fire vegetation studies, we are not
aware of any examples that use MESMA to monitor post-fire vegeta-
tion cover recovery. For that reason, and hypothesizing that MESMA
fraction images model each image pixel more accurately than SMA
fraction images, our work proposes a MESMA-based method to mon-
itor post-fire vegetation cover dynamics. If SMA fraction images have
been used successfully to study post-fire vegetation cover recovery,
MESMA fraction images should lead to more accurate results.

The capacity of an ecosystem to recuperate to its pre-disturbance
(pre-fire) situation is quantified by its resilience. According to Díaz-
Delgado et al. (2002) we measured resilience with reference to above-
ground biomass. Instead of a qualitative evaluation of fire damage,
resilience enables us to quantitatively estimate the economic losses
attributable to the loss of access to some natural resources like tim-
ber, mushroom gathering or hunting as it measures the period of time
during which the resources are not available (Rodrigues et al., 2014;
Román et al., 2013). According to Sá-Torres (2013), post-fire re-
silience can be linked to biodiversity (e.g. Kazanis and Arianoutsou,
2004; Moreira et al., 2011; Pausas et al., 2008), vegetation structure
(Keeley, 1986; Lee et al., 2009), or ecosystem function (e.g. Silva et
al., 2011). Nevertheless, among the extrinsic factors that can modify
the potential of an ecosystem to recover (resilience), burn severity un-
derstood as a measure of fire damage on vegetation cover is one of
the most important (Bastos et al., 2011; Covington and Sackett, 1992;
Neary et al., 1999; Röder et al., 2008; Smithwick et al., 2005).

Given the importance of burn severity to influence post-fire veg-
etation recovery, we organized our research in to three different burn
severity scenarios (low, moderate and high burn severity level). Our
study focuses on the potential of the combination of MESMA frac-
tion images and time series analysis for monitoring and modeling
post-fire vegetation cover recovery. As far as we know, this is the
first post-fire resilience study that is based on MESMA fraction im-
ages time series. The main objective of the work was to quantify
post-fire resilience for each burn severity level as a measure of veg-
etation cover recovery. To address it, we designed a research ap-
proach that tested the following hypothesis in Spain, in a forested area
mainly covered by P. pinaster Ait. (a seeder), following a large for-
est fire that occurred in 1998: H1) The post-fire temporal evolution
of MESMA green vegetation fraction images corresponds with the

post-fire temporal evolution of the vegetation existent in study area;
H2) The temporal evolution of the vegetation recovery index (VRI),
defined on the basis of MESMA green vegetation fraction values ex-
tracted from field plots and referred to the unburned level, is also con-
sistent with the post-fire temporal evolution of the vegetation cover;
and H3) Trend modeling of VRI time series for each burn severity
level enables us for making predictions about the post-fire resilience
of the vegetation cover affected by each burn severity level.

2. Study area and dataset

2.1. Study area

‘Tabuyo del Monte’, our study area, is situated in the Sierra del
Teleno, in Northern Spain (Fig. 1). Sierra del Teleno is a small se-
ries of mountains with an approximate altitude of 1100 m and an av-
erage slope of 10°. The climate is Mediterranean. The average annual
rainfall ranges between 650 and 900 mm and there are 2–3 months
of summer drought. This forest ecosystem has been frequently af-
fected by fires, mainly due to dry spring-summer storms that predom-
inantly damaged small areas. We studied the burn severity evolution
on a large fire, which burned around 30 km2 during 4 days, between
13 and 17, September 1998. Specifically, from official post-fire data:
63% of burned area had a high severity level, 21% a moderate severity
level and 16% a low severity level. Subsequently, another fire burned
117.75 km2 between 19 and 21 September, 2012. This fire overlapped
60% of the area burned by the 1998 fire (see Fig. 1).

According to the Spanish Forestry Map, the burned area was cov-
ered by Pinus pinaster Ait. (76%), Quercus ilex L. (7%), Quercus
pyrenaica Willd (5%), Pinus sylvestris L. (2%), and shrubs (10%)
(Calluna vulgaris (L.) Hull, Chamaespartium tridentatum (L.) P.E.
Gibbs, Erica australis L., Halimium alyssoides Lam and Genista
florida L.). Before the 1998 fire, 60–85 year old P. pinaster stands
dominated the vegetation, with 95% cover, and a density of
500–900 trees/ha (Calvo et al., 2008).

P. pinaster is a seeder. Similar to other Mediterranean Pinus
species, such as Pinus halepensis Mill., P. pinaster reacts to fire by
a rapid seed dispersal that starts at the beginning of fire and contin-
ues for a few months after the fire is extinguished (Herranz et al.,
1997; Thanos et al., 1996). For P. pinaster, established temperature
ranges cause post-fire germination seeds; specifically, as expressed by
Herrero et al. (2007), the temperature range between 70 and 110 °C
germinates P. pinaster seeds, regardless of exposure time. When the
time of exposure is high a successful regeneration will be possible up
to 130 °C. Exceptionally, post-fire germination seeds will be possible
up to 190 °C for short time of exposure (rapid fires). However, as sug-
gested by Calvo et al. (2008), the P. pinaster population in the study
area has some anatomical and physiological characteristics that dif-
fer from any other Spanish natural population of P. pinaster, poten-
tially caused by frequent recurrence of fires in the area. Among these
adaptations, the most noticeable may be high production of serotinous
cones (that protect the seeds), thicker bark, resistance to lower temper-
atures, and a significantly earlier flowering age (Tapias et al., 2004).

2.2. Ground measured data

A year after the fire (September 1999) burn severity level was mea-
sured on 88 100-m diameter field plots of P. pinaster (Fernández-
Manso et al., 2009). Large areas with similar fire severity levels
and low slope gradients were pre-selected using post-fire ortho-pho-
tographs. Inside these areas, the field plots were randomly lo
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Fig. 1. Location of study area, 1998 fire perimeter and field plots classified by burn severity level. Area affected by the 2012 forest fire is also represented.

cated. Unburned areas were chosen next to burned ones, resulting in
similar topography, surficial geology, and vegetation to the burned ar-
eas as recommended by Díaz-Delgado et al. (2002). Despite the one-
year time lag, we found a quantity of scorched leaves (on branches
and the ground) and of char on the tree trunks adequate to evaluate the
burn severity level qualitatively. The assessment performed within the
first growth season after fire (EA, extended assessment) may yield a
characterization of actual fire effects more complete that the provided
by a initial assessment (IA), since EA includes first-order effects as
delayed mortality of vegetation and survivorship (Key and Benson,
2006).

We defined four burn severity levels in accordance with the de-
gree of scorching vegetation: unburned, low, moderate and high (see
Fernández-Manso et al., 2009 for more details). Specifically, a low
burn severity level was assigned to areas with burned shrubs to 2 m
and no or partially scorched canopy; a moderate burn severity level
was assigned to areas with incinerated shrubs and scorched canopy,
and high burn severity was assigned to areas with incinerated shrubs
and completely burned and apparently dead canopy, even though
some plants may still be able to sprout. Similar criteria were used by
previous studies (e.g. Jakubauskas et al., 1990; Patterson and Yool,
1998; Rogan and Yool, 2001) since a standard method to field mea-
sure burn severity, such as the Composite Burn Index, was not com

monly accepted until approximately 2006 (Key and Benson, 2006).
Each plot was assigned to one of the four defined burn severity lev-
els considering the majority burn severity class observed in each plot.
We measured 18 low-burn severity plots, 19 moderate-burn severity
plots, 27 high-burn severity plots and 24 unburned plots, where Pinus
pinaster was the dominant specie in all of them.

2.3. Remote sensed data

A time series of Landsat images (1999–2011) was downloaded
from the US Geological Survey (USGS) Global Visualization Viewer
(GLOVIS): 12 Landsat 7 ETM + images and 2 Landsat 5 TM. We se-
lected images by choosing a similar date of acquisition and minimiz-
ing cloud cover, and illumination and phenological changes. The cen-
tral date of images was day 212 (31 July), with a mean solar zenith
of 32° and a mean solar azimuth of 134° (Table 1). Fortunately, the
Scan Line Corrector failure did not affect our field plots (with the ex-
ception of two in 2006, high burn severity and unburned, and one in
2008, moderate burn severity). However, we had to limit the time se-
ries to the period 1999–2011 because the 2012 mega-fire burned ap-
proximately 60% of the area burned by the 1998 fire and 80% of our
field plots (see Fig. 1).
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Table 1
Summary of Landsat images used.

Date (dd/mm/
yyyy)

Date (Julian
day) Satellite/Sensor

Solar zenith
(°)

Solar azimuth
(°)

01/07/1999 182 L7/ETM + 26 128
04/08/2000 217 L7/ETM + 32 134
20/06/2001 171 L7/ETM + 26 127
25/07/2002 206 L7/ETM + 30 130
05/08/2003 217 L5/TM 34 129
16/09/2004 260 L7/ETM + 44 148
01/07/2005 182 L7/ETM + 27 127
21/08/2006 233 L7/ETM + 36 139
31/07/2007 212 L5/TM 30 134
09/07/2008 191 L7/ETM + 28 127
29/07/2009 209 L7/ETM + 30 132
31/07/2010 212 L7/ETM + 31 133
27/09/2011 263 L7/ETM + 46 151
Mean values 212 32 134

2.4. Ancillary data

A post-fire 0.7 m color aerial photograph from Autonomous Gov-
ernment of Castilla and León (JCyL) collected immediately after the
fire, helped us locate homogeneous areas to situate the field plots
and to define the endmember spectra. In addition, we also used three
0.7 m digital ortho-photographs acquired in 1999, 2006 and 2011, re-
spectively. Ortho-photos were supplied by the Spanish National Cen-
ter of Geographic Information (CNIG; http://www.cnig.es/) through
the Spanish Aerial Ortho-photography National Planning (PNOA)
agency. A USGS supplied ASTER Global Digital Elevation Model
Version 2 (GDEM V2) was used to topographically normalize the
Landsat images.

Additionally, we utilized an Airborne Visible/Infrared Imaging
Spectrometer (AVIRIS) image of Santa Barbara, California to obtain
ash spectra. The image was acquired on 26 August 2009, 3 months
after the May 2009 Jesusita fire. Modtran radiative transfer code and
a ground reference target allowed to correct the image atmospheri

cally and converted it to reflectance (see Herold et al., 2004; Roberts
et al., 2012).

3. Methods

The methodology comprised three main steps: 1) pre-processing of
Landsat 5 TM/Landsat 7 ETM + images, including image subsetting,
topographic normalization, atmospheric correction, and radiometric
normalization; 2) the MESMA procedure, that included creation of a
spectral library with the most appropriate endmembers, and spectral
unmixing of Landsat pre-processed images; and 3) statistical analysis
to model the post-fire VRI temporal evolution (1999–2011) for each
burn severity level (Fig. 2). Similar to Díaz-Delgado et al. (2002) in
their NDVI based study about post-fire resilience of Mediterranean
plants, we assumed that the green vegetation (GV) fraction images
(step 2) are a reasonable representation of green vegetation cover, with
the following conditions: 1) though GV fraction images do not pro-
vide us a highly detailed analysis, we can observe in them general
structures and trends in relative vegetation amount; 2) if the GV frac-
tion image is saturated and does not show the high levels of green
vegetation that are actually present, the error level will be higher;
and 3) we will transform the original GV fraction values to maxi-
mize the information related to the ground components of interest. The
VIPER Tools 1.5 software tool (www.vipertools.org) (Roberts et al.,
2007), an IDL-based ENVI (Exelis Visual Information Solutions) ex-
tension, was used to perform the MESMA procedure including the
spectral library building, optimal endmember selection and the unmix-
ing processes.

The statistical analysis (step 3) enabled us to test the initially
proposed hypotheses. Regarding H1, one-way analysis of variance
(ANOVA) of 2006 and 2011 shade normalized green vegetation frac-
tion values from the field plots grouped by burn severity levels helped
us to identify the significance of different burn severity levels. If
there were no significant differences between a burn severity level
and the unburned class, we would assume that vegetation cover af-
fected by such burn severity level had returned to initial conditions
(resilience cycle). The potential recovery vegetated cover in field

Fig. 2. Flowchart of methodology.
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plots was checked visually from 2006 and 2011 ortho-photographs,
being a qualitative validation. With respect to H2, the post-fire tem-
poral evolution of VRI for each burn severity level was depicted and
visually compared to the previous mentioned ANOVA results (paying
special attention to years 2006 and 2011). Finally, the three VRI time
series were trend modeled, what correspond to H3.

3.1. Preprocessing of the Landsat images

All Landsat scenes (path/row 203/31) were downloaded from the
USGS with an L1G level of processing (radiometric and geometric
corrected, and geo-referenced to the Universal Transverse Mercator
(UTM) map projection). Next, we co-registered the images to the dig-
ital orthophotos supplied by CNIG and JCyL. A mis-registation error
below 0.25 of a Landsat pixel was found between post-fire false-color
orthophotos and the Landsat images. After co-registration, we subset
the images to the selected forest fire. The C-correct approach (Teillet
et al., 1982) and the GDEM V2 DEM from USGS were used to topo-
graphically normalize the subset images using the R software environ-
ment. Finally, all images were scaled to apparent surface reflectance.
We used the procedure suggested by Chander et al. (2009) to con-
vert the original digital numbers to radiance values (Lλ), and the im-
age-based cosine of the solar transmittance (COST) method (Chavez,
1996), to convert radiance to surface reflectance (ρ). The formulae de-
scribed in Song et al. (2001) assuming 1% surface reflectance for dark
objects (Chavez, 1989, 1996) allowed us to calculate the path radiance
(Lp) values. We estimated the optical thickness for Rayleigh scattering
(ρr) following the equation specified in Kaufman (1989).

SMA requires radiometric similarity among multi-temporal input
images because data quality and image radiometric normalization af-
fects the results of change detection procedures (He et al., 2011). For
this reason, the reflectance images were normalized to a reference im-
age to minimize the impact of sun-sensor-view angle differences. To
perform this normalization we used the iteratively re-weighted multi-
variate alteration detection (IRMAD) algorithm (Canty and Nielsen,
2008). The IRMAD normalizes images such that they appear to have
been obtained by the same sensor subject to atmospheric and illumina-
tion conditions almost identical to those of the reference image (Yang
and Lo, 2000). The first image of the time series (1999) was used as
reference based on its proximity to the forest fire date. In this way, de-
finition of ash endmembers would be expected to be more accurate.

3.2. MESMA procedure

MESMA is a linear SMA where different mixing models are ex-
amined in each pixel to minimize model error (Roberts et al., 1998).
Linear SMA represents each pixel as a weighted linear combination
of a limited number of endmembers describing the whole scene, with
the endmember fractions acting as the weight and spectral departures
from the model expressed as a residual (Eq. (1)):

where, x is a measured Landsat spectrum modeled as a 6-dimensional
reflectance vector consisting of up to four endmembers (M), multi-
plied by endmember fraction f; and e is a 6-dimensional error vector
representing the residual error. Least-squares solution (Shimabukuro
and Smith, 1991) or singular value decomposition (Boardman, 1990)
are methods often used for solving Eq. (1) because to its simplicity

and ease of implementation. The root-mean-square error (RMSE) is
utilized to measure model error (Roberts et al., 1998).

MESMA allows each pixel to be unmixed by a different model (or
set of endmembers). In this way, the number of materials in which a
scene can be unmixed is not restricted to the number of endmembers
used. The model selected to unmix each pixel is the one that mini-
mizes the RMSE. As happens with linear SMA, endmember choice
is a key stage to the successful result of the MESMA procedure.
The unmixing accuracy is determined by the endmember selection
(Tompkins et al., 1997; Li et al., 2005;). Too many endmembers may
overfit the data producing an unstable solution. By contrast, if the
number of endmembers is too low, large residual errors will be ob-
tained, as the fraction of unmodeled features will be distributed among
the fractions of the selected endmembers (Li et al., 2005). Fraction
accuracy decreases when inversion of Eq. (1) becomes unstable due
to the non-orthogonality of the endmembers matrix. The matrix be-
comes non-orthogonal when collinearity or multi-collinearity appears
as a consequence of a high correlation between endmembers (van der
Meer and Jia, 2012). Linear independency, spatial generality and spec-
tral representativity are characteristics of an ideal set of endmembers
(Maselli, 1998).

Unlike SMA, MESMA needs a large library of endmembers (ob-
tained from the image field, and/or laboratory) representative of each
ground component (Okin et al., 2001). The endmember spectra must
have recognizable characteristics in the scene and must be meaning-
ful for the user, since they are regarded as abstractions of physical ob-
jects that have the same or similar properties (Quintano et al., 2012).
There are two broad alternatives to select the adequate endmember:
reference endmembers from spectral libraries or image endmembers
from the image itself. Image endmembers have two advantages: they
were measured at the same scale as the image data and they are rel-
atively easy to obtain. We formed our spectral library using mainly
image endmembers (see Fig. 3). Following previous studies (Hostert
et al., 2003; Riaño et al., 2002; Röder et al., 2008; Silván-Cárdenas
and Wang, 2014), all time series images were unmixed using the same
endmember spectra set to avoid variability in the interpretation among
all dates. The endmembers spectra were obtained from the first post-
fire image of time series because vegetation regeneration hampered
the definition of ash image endmembers in the last Landsat images.
Moreover, as our first post-fire image was acquired a year after the
fire, and most ash had disappeared due to erosion by wind and rain, we
complemented the image endmembers with ash spectra from the post-
fire AVIRIS image of California area, previous resampling to Landsat
wavelengths.

Similar to Dudley et al. (2015), we defined potential endmembers
using a set of georeferenced polygons. We searched for uniform poly-
gons of just one class within the post-fire orthophotograph. The poly-
gons covered all three levels of burn severity (38 polygons, 750 pix-
els), over different kinds of soil (16 polygons, 225 pixels), and over
the different types of unburned vegetation (green and non-photosyn-
thetic) (42 polygons, 825 pixels), and were stored in a shape file.

A key step of mixture modeling is to identify the endmembers that
best characterize a particular ground component and are least likely
to be modeled by another component (Tompkins et al., 1997). Since
a spectral library can incorporate hundreds of spectra for each ground
component it is necessary to take into account not only the spectral di-
versity of the library but also the computational efficiency (Dennison
and Roberts, 2003b; Dennison et al., 2004). To form our definitive
spectral library, three techniques were used to choose the most suit-
able endmembers from a computationally high number of candidate
endmembers: Count-based Endmember Selection (CoB) (Roberts et
al., 2003), Endmember Average RMSE (root mean

(1)
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Fig. 3. Flowchart of MESMA procedure.

squared error) (EAR) (Dennison and Roberts, 2003a), and Minimum
Average Spectral Angle (MASA) (Dennison et al., 2004). Using CoB
we selected the endmembers that model the greatest number of end-
members within their class. When EAR was considered, we chose
endmembers that yield the lowest RMSE within a class. Finally, we
chose the endmembers with the lowest average spectral angle when
MASA was taken into account. VIPER Tools open-software incorpo-
rates all of them. In addition, as recommended by Roberts et al. (2007)
we considered the typical spectral shape of the selected spectra and
our knowledge of the study area.

Following Quintano et al. (2013), who mapped burn severity from
Landsat images using MESMA, we grouped the endmembers into the
following three spectral libraries: green vegetation (GV); non pho-
tosynthetic vegetation and ash (NPVA); and soil. Therefore, using
MESMA the Landsat images were unmixed into four endmembers:
GV, NPVA, soil and shade. For each pixel, the performance of all
models was assessed by considering fraction images, the shade frac-
tion image and RMSE. Similar to Powell et al. (2007); Quintano et al.
(2013); Roberts et al. (2003), and Roberts et al. (2012), we made use
of the following selection criteria: − 0.05 and 1.05, as the minimum
and maximum permissible fraction values; 0.8 as maximum permissi

ble shade fraction value, and 0.025 as maximum permissible RMSE.
If several models satisfied these conditions, the model that generated
the lowest RMSE was chosen. We established threshold of 90% as the
minimum number of classified pixels for a viable model; meaning that
the MESMA fraction images were only definitely accepted if the num-
ber of classified pixels of each Landsat image was above 90%. If this
condition was not fulfilled we unmixed all of the images again while
varying the type and/or number of spectra comprised in each spectral
library. Fig. 3 displays a flowchart of the MESMA procedure.

3.3. Statistical analysis of work databases

GV MESMA fraction images were shade normalized using the
VIPER Tools 1.5 software tool, previously used to obtain the MESMA
fraction images. Shade normalization removes the shade fraction, re-
distributing this fraction proportionally among all other non-shade
endmembers (Roberts et al., 2007; Rogan and Franklin, 2001). Values
from shade normalized GV fraction images (SGV) were extracted for
the 88 field plots to complete the work database to be statistically an-
alyzed.
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First, we performed one-way (ANOVA) of SGV values grouped
by burn severity level. The Fisher's least significant difference (LSD)
test was accomplished to identify the sample means that were signifi-
cantly different from other ones. Specifically to validate H1, the LSD
test results of years 2006 and 2011 were evaluated. From then we ver-
ified whether there were significant differences between burn severity
levels and the unburned class. If there were no significant differences,
we assumed that the vegetation cover affected by such burn severity
level regrows to its pre-fire situation (resilience cycle). This supposi-
tion was validated analyzing the field plots visually over the 2006 and
2011 post-fire ortho-photographs. In addition, ANOVA helped us to
estimate the resilience of vegetation for each burn severity level, since
we could identify the year where there was no significant differences
between burn severity levels and the unburned class.

Second, to model post-fire vegetation recovery and establish the
vegetation cover resilience, the post-fire condition of vegetation
should be compared to its pre-fire situation. Since the first cloud-free
pre-fire image we found in the UGSG-GLOVIS system was acquired
on September 1990, 9 years before our first time series image, we
based our study on the unburned control plot approach (Díaz-Delgado
and Pons, 2001), that considers the unburned vegetation in each im-
age as the pre-fire reference, reducing the influence of phenologic
changes. Thus, we defined VRI for each burn severity level and year
(Eq. (2)) as the average SGV value for such burn severity level and
year referenced to the unburned control plots. VRI would represent
the increase of forest canopy cover for each burn severity level. When
VRI reaches the zero level we could think that the “increase of forest
canopy cover” has ended because the vegetation cover has reached its
initial or pre-fire values. Moreover, VRI made easier the visualization
of the vegetation cover regeneration curve for the three burn severity
levels, as the same reference is considered as origin (unburned class,
zero value). Visual analysis of VRI temporal curves simplified the un-
derstanding and selection of the more suitable trend model for each
VRI time series.

where: ‘j’ represents a burn severity level (low, moderate, high);
, the mean SGV value of field plots of ‘j’ burn severity for the

considered year; and , the average SGV value of unburned field
plots for the same year. In this way, we computed three VRI values
for each Landsat image: one for low burn severity level (VRIl), an-
other for moderate (VRIm) and another one for high burn severity level
(VRIh). Thus, three VRI time series were built. For each time series, if
VRI equals zero, the vegetation has reached its original state, and the
x-axis value for which VRI = 0 will show the resilience time of veg-
etation cover in years after fire. If the temporal evolution of the three
VRI time series is consonant with the previous mentioned LSD test re-
sults, we could consider H2 as validated.

Finally, as a preliminary step to trend modeling the three VRI time
series, their potential randomness was checked. We used three statis-
tical tests because each of them detects a type of deviations from ran-
dom response. The time series will not be considered completely ran-
dom when any test is not passed. The three tests were: 1) to count how
many times the sequence was above or below the median, 2) to count
how many times the sequence rose or fell, and 3) to considerer the
sum of squares of the first 24 autocorrelation coefficients (Statpoint
Technologies, 2012).

After verifying that the VRI time series were not random, we iden-
tified the model that better suited each time series. Three trend mod-
els were considered as candidates: mean, linear trend, and exponential
trend. All three types of recovery models were fit to the data by least
squares, using time as the independent variable (Eqs. (3)–(5)).

where: t, t = 1, 2, … n, is the time (years) after fire event; n is the sim-
ple size used to fit the model; Ft(k) is the forecast for time t + k made
at time t; Yt is the observed value at time t; a0, a1, and a2 are the coef-
ficients of the regression models.

Selection of the best-fit trend model was made considering three
values: RMSE, calculated by estimating the standard deviation of the
one-ahead forecast errors; mean absolute percentage error (MAPE),
calculated by estimating the average percentage one-ahead forecast-
ing error and the Akaike information criterion (AIC), a function of the
variance of the model residuals, penalized by the number of estimated
parameters (Eqs. (6)–(8)).

where: n is the simple size used to fit the model; m is the number of
validation observations at the end of the time series, et is the one pe-
riod ahead forecasting errors calculated from et = Yt − Ft − 1(1); and c
is the number of estimated coefficients in the fitted model.

Small values of RMSE and MAPE are desirable. As a rule, the
model that minimizes first the mean squared error than the number of
coefficients (compared to the quantity of data available) is the model
that will be chosen. Once a model has been selected, we validated it
by analyzing its residuals. Several tests were applied to the forecast er-
rors to verify whether the model had accounted for all of the structure
in the data: RUNS, a test based on the number of runs up and down;
RUNM, a test based on the number of runs above and below the me-
dian; AUTO, a chi-squared test based on the first residual autocorre-
lations; MEAN, a t-test comparing the mean residuals in the first and
second halves of the data; and VAR, an F-test comparing the variance
of the residuals in the two halves (Statpoint Technologies, 2012).

(2)

(3)

(4)

(5)

(6)

(7)

(8)
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4. Results

Fig. 4 shows some examples of the endmember spectra comprised
in each spectral library. Table 2 shows the number of models used
in the MESMA procedure and the percentage of pixels classified. Al-
though we defined a minimum threshold of 90% in the number of clas-
sified pixels, using the definitive spectra libraries to perform the un-
mixing, the mean number of classified pixels was 95.6. The number of
classified pixels is remarkably high considering that we unmixed 13
images using the same spectral libraries.

Fig. 5 shows the set of shade normalized fraction images from the
1999 Landsat 7 ETM + image. We can clearly see the burned area
(dark pixels) from the SGV fraction image. The shade normalized
NPVA fraction image displays the burned area and the un-irrigated
lands. Finally, the shade normalized soil fraction image shows clearly
soils, paths and small roads.

Fig. 4. Examples of endmembers signatures.

Table 2
MESMA procedure: spectral libraries, endmembers used and percentage of image clas-
sified pixels.

NPVA spectral library GV spectral library Soil spectral library

Endmembers Number Endmembers Number Endmembers Number
Ash 2 Pinus pinaster 2 Rock 1
High burn
severity

2 Quercus ilex 1 Bare soil 1

Moderate burn
severity

1 Quercus
pyrenaica

1

Low burn
severity

1 Pinus
sylvestris

1

NPV 1 1 Shrubs 1 1
NPV 2 1 Shrubs 2 1

MESMA procedure

Year 1999 2000 2001 2002 2003 2004 2005

Image classified (%) 96.9 96.62 96.35 95.32 96.68 94.51 94.16
# Models used 112 112 112 112 112 112 112

Year 2006 2007 2008 2009 2010 2011

Image classified (%) 93.79 96.69 95.07 94.67 95.27 97.69
# Models used 112 112 112 112 112 112

NPVA: no photosynthetic vegetation and ash; GV: green vegetation; NPV: no
photosynthetic vegetation.

The evolution in time of the SGV fraction images is shown in Fig.
6. Left, we can observe the initial SGV fraction image (from 1999
Landsat 7 ETM + image). The SGV fraction image from the 2006
Landsat scene is shown in the center. Inside the fire perimeter it is
possible observe some white areas (vegetated areas). Finally, the 2011
SGV fraction image is shown at the left corner. It is notable that most
of the area inside the fire perimeter appears in white tones indicating a
high green vegetation level.

Table 3 displays the results of the Fisher's LSD test for the SGV
images and burn severity levels. The first year after fire (1999) the
four SGV severity levels (unburned, low, moderate and high burn
severity level) were found to be significantly different. In following
years after fire, only 3 SGV levels were significantly different. The
low burn severity class was grouped with the unburned class 7 years
after the fire, meaning that there were no significant differences be-
tween these two levels. Thus, resilience of vegetation affected by low
burn severity was found to be 7 years. Finally, there were only two
SGV values that were significantly different in 2011 (high burn sever-
ity level and a mix of moderate, low and unburned), suggesting that
resilience of vegetation affected by moderate burn severity level was
13 years.

From Table 3 it can be observed that the field plots affected by low
burn severity in 2006 had no significant differences with unburned
field plots. By 2011 moderate severity field plots were not signifi-
cantly different than unburned field plots. Checking the post-fire evo-
lution of the 18 low burn severity plots using the 2006 ortho-photo-
graph, we verified that most of them were covered by green vegetation
(specifically, we only found two field plot where we could not observe
full regrowth). Concerning the 19 moderate burn severity plots, we
confirmed using the 2011 ortho-photograph that all of the field plots
except one showed full regrowth.

The Fig. 7 shows the evolution in time of the VRI values with the
unburned reference as the x-axis (zero value). Again, we can see a
rapid decrease in VRI for the three burn severity levels classes dur-
ing the three first years after fire (meaning a high recovery of the
vegetation cover). Following this period, the high and moderate burn
severity affected vegetation remained almost constant until 11 years
after the fire, when the vegetation experienced a relatively important
increase again. In contrast, after the 3rd year following fire, the low
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Fig. 5. MESMA shade normalized fraction images from the 1999 Landsat 7 ETM + image: left, shade normalized green vegetation fraction; center: shade normalized non-photosyn-
thetic vegetation and ash fraction; right: shade normalized soil fraction.

Fig. 6. Shade normalized green vegetation fraction images, 1999 (left), 2006 (center), and 2011 (right).

burn severity level class decreased slowly and reached the x-axis (un-
burned level) around the 7th year after fire. The moderate severity
level almost declined to the unburned level (0.018) after 13 years (last
year of time series). Vegetation affected by high burn severity re-
mained at the 0.100 value by the end of the study period.

The three statistical test for randomness confirmed the three VRI
time series could not be considered random. Table 4 shows the trend
models that best fit the VRI evolution in time curves. The exponential
trend model had the lowest RMSE and MAPE values and the high-
est AIC values for high and moderate fire affected vegetation. For the
low burn severity class, however, a linear trend was selected. The ex-
ponential trend model was not considered because clearly it did not
fit the VRIl time series. From the analysis of Table 3 and Fig. 7 we
can clearly conclude that vegetation cover affected by fire with low
severity reached its initial state around 7 years after fire whereas veg-
etation cover affected by moderate burn severity needed 13 years. In
both cases, the initial state of vegetation cover was reached during the
period of time analyzed by the time series. For that reason, we only
made predictions from the exponential trend model of VRIh. A 7 year
prediction (half of the period of time of time series) was considered.
The exponential trend model of VRIh forecasted a value of 0.058 by
2018 (with a lower limit of the confidence interval at 95% equals to
0.018 and an upper limit of 0.191). From this forecast we can conclude
that vegetation affected with high severity level, would reach its initial
state after 20 years.

5. Discussion

Spectral indices have been widely used to monitor post-fire vege-
tation regeneration (Bastos et al., 2011; Chen et al., 2011; Di Mauro
et al., 2014; Goetz et al., 2006; Meng et al., 2015). However, spec-
tral changes related to vegetation recovery can be observed in more
than just two spectral bands. Fraction images, by contrast, did not have
this shortcoming, and accurate estimates of vegetation abundance can
be achieved when vegetation cover is low, i.e. the first years of re-
generation after a forest fire (Tapias et al., 2004). Despite the lack of
studies based on MESMA fraction images to monitor post-fire vege-
tation dynamics, SMA-based fraction images were successfully used.
Among others, Smith et al. (2007) concluded that SMA fraction im-
ages were a marginally improved predictor of one-year post-fire con-
ditions, compared to widely used spectral indices like dNBR. Sankey
et al. (2008) confirmed the use of SMA fraction images to study the
post-fie recovery of shrub canopy cover in 16 different fires in Idaho
(USA). Twele (2004) affirmed that SGV was highly correlated with
field measurements, enabling its interpretation as a physical variable.
Our results agree with the findings of these studies extending the ap-
plicability of MESMA. In the above mentioned studies, linear SMA
made use of just one set of endmembers to unmix to the whole im-
age (typically a vegetation endmember, a soil endmember and a shade
endmember). As we used a higher number of endmembers (specifi-
cally, 7 green vegetation and two non-photosynthetic vegetation end-
members; two types of soil endmembers and four endmembers of
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Table 3
Fisher's least significant difference test for the SGV images and burn severity levels.

Burn severity level Years after wildfire

1 (1999) 2 (2000) 3 (2001) 4 (2002) 5 (2003) 6 (2004) 7 (2005) 8 (2006) 9 (2007) 10 (2008) 11 (2009) 12 (2010) 13 (2011)

⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG ⎧(SGV) HG

High 0.0153 a 0.2714 a 0.4291 a 0.4291 a 0.4841 a 0.4749 a 0.4480 a 0.4786 a 0.4583 a 0.4538 a 0.4601 a 0.4997 a 0.5566 a
Moderate 0.0929 b 0.3216 a 0.4579 a 0.5279 b 0.5925 b 0.6030 b 0.5850 b 0.5954 b 0.6317 b 0.6121 b 0.5980 b 0.6218 b 0.6571 b
Low 0.2431 c 0.4663 b 0.5481 b 0.6081 c 0.6228 b 0.6368 b 0.6754 c 0.6563 c 0.6970 c 0.6780 c 0.7051 c 0.6740 c 0.7060 b
Unburned 0.6533 d 0.6897 c 0.6472 c 0.6472 c 0.7059 c 0.7099 c 0.6900 c 0.6969 c 0.6816 c 0.6793 c 0.7041 c 0.6735 c 0.6814 b
# Groups 4 3 3 3 3 3 3 3 3 3 3 3 2
P-value 0.0000 0.0000 0.0000 0.0001 0.0000 0.0001 0.0000 0.0000 0.0000 0.0001 0.0001 0.0010 0.0010

HG: homogeneous groups; ⎧(): mean value; SGV: shade normalized green vegetation fraction image.
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Fig. 7. Temporal evolution vegetation recovery indexes (VRI).

burned vegetation) the fraction images we obtained presumably were
more accurate than the obtained by simple SMA.

The unburned control plot procedure, which is widely used in
NDVI-based studies related to the post-fire vegetation recovery (Díaz-
Delgado et al., 2002; Idris et al., 2005; Lhermitte et al., 2010, 2011; Li
et al., 2008; van Leeuwen et al., 2010; Veraverbeke et al., 2011), has
not to our knowledge been applied to fraction images. Our study vali-
dated its use with MESMA SGV fraction images. The unburned con-
trol plot procedure established an unburned reference to compute VRI
for each burn severity level. As the evolution in time of these three
VRI time series showed different vegetation cover recovery patterns,
it was concluded that burn severity has a great impact on the capabil-
ity of a system to recover to its initial conditions, as previous studies
showed (Covington and Sackett, 1992; Maia et al., 2012; Neary et al.,
1999; Röder et al., 2008; Smithwick et al., 2005).

Previous studies (Keeley et al., 2012; Twele, 2004) also revealed
a strong correlation between pre-fire vegetation type and regenera-
tion process. The vegetation cover regrowth patterns we found (Tables
3 and 4 and Fig. 7) agreed with the results of previous non-remote
sensing-based studies also centered on P. pinaster. In our study area,
Calvo et al. (2003, 2008, 2013) concluded that the dominant species,
P. pinaster, had a predominantly high rate of natural regeneration.
Mean seedling height showed a significant increase in time (5 years)
at the study area from 1.7 to 49.5 cm. They also found that the mean

percentage cover of woody species for each year after the wildfire
was: 1.5%, the first year after fire, 33%, the second year and 72% the
third year. Our results agree with the observations above. We observed
a rapid increase in vegetation cover until the third year after fire. Af-
ter the third year, the rate of increase slowed (see Fig. 7). Vega et al.
(2010) observed a similar recovery pattern dependent on burn severity
in a zone near our study area: vegetation affected by lower burn sever-
ity level (unaffected crowns) recovered more height than vegetation
highly affected by the fire.

Ecosystems (vegetation, soil, etc.) are damaged to a higher degree
by more intense, severe and/or frequent fires that retard their post-fire
recovery (Díaz-Delgado et al., 2003; Polychronaki et al., 2014). Our
study estimated the resilience time of vegetation cover as 7, 13 and
20 years for vegetation affected by low, moderate and high burn sever-
ity level, respectively. Future studies based on longer VRI time series
should validate the predicted resilience time for the high burn sever-
ity level in this study area. In any case, our estimated resilience values
are reasonable and similar to those obtained in previous studies. With-
out using remotely sensed data, Barbero et al. (1998) found a recovery
time value of 15 years in high seeding tree communities of Mediter-
ranean P. pinaster. In high seeding tree communities of Mediterranean
P. halepensis, different authors (Broncano et al., 2005; Kazanis and
Arianoutsou, 2004; Trabaud, 2002) suggest recovery times starting
from 15 years. Local attributes like climate, terrain characteristics, or
vegetation type influence vegetation cover recovery time (Baeza et al.,
2007; Keeley, 2009).

The added value of our method can be deduced from the three pil-
lars on which it is based. First, it used MESMA fraction images in-
stead of widely used spectral indices to characterize vegetation. Con-
sequently, vegetation cover was more accurately represented as we
used all reflectance bands information (instead of just information
from two spectral bands), the influence of background effect of soil
was reduced, and accurate estimates of vegetation abundance were
even achieved when vegetation cover was low (first years after for-
est fire). Second, the study was based on VRI, calculated following
the unburned control plot approach. Thus, reducing the influence of
phenologic changes and making easier the visualization of the vegeta-
tion regeneration curve, as the same reference is considered as origin.
Finally, we based the study on time series, what enabled us to trend
model them and make predictions to estimate resilience.

Table 4
Trend models of VRI evolution in time curve for the three burn severity levels.

VRI Trend models a0 a1 RMSE MAPE AIC RUNS RUNM AUTO MEAN VAR

VRIh Constant mean 0.2650 – 0.2203 49.5197 − 2.8712 OK OK OK OK ***
Linear 0.5152 − 0.0357 0.1784 44.5314 − 3.1574 *** * OK OK **

Exponential − 0.7871 − 0.1023 0.1767 27.6738 − 3.1766 * OK OK OK ***

VRIm Constant mean 0.1509 – 0.2004 154.0590 − 3.0623 * OK OK OK ***
Linear 0.4046 − 0.0362 0.1484 115.8900 − 3.5083 ** * OK OK *

Exponential − 0.8669 − 0.2165 0.1324 33.6610 − 3.7365 * OK OK OK ***

VRIl Constant mean 0.0698 – 0.1289 – − 3.9434 OK ** OK * ***
Linear 0.2386 − 0.0241 0.0922 – − 4.4591 OK * OK OK *

VRI: vegetation recovery index; VRIh: vegetation recovery index for high burn severity level; VRIm: vegetation recovery index for moderate burn severity level; VRIl: vegetation
recovery index for low burn severity level; ai: coefficients of the regression models; RMSE: root mean squared error; MAPE: mean absolute percentage error; AIC: Akaike
information criterion; RUNS: test for excessive runs up and down; RUNM: test for excessive runs above and below median; AUTO: Box-Pierce test for excessive autocorrelation;
MEAN: test for difference in mean 1st half to 2nd half; VAR: test for difference in variance 1st half to 2nd half; OK: not significant (p ≥ 0.05); *: marginally significant
(0.01 < p ≤ 0.05); **: significant (0.001 < p ≤ 0.01); ***: highly significant (p ≤ 0.001).
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Thus, although we proposed a new vegetation recovery index
based on Landsat MESMA fraction images and studied its time evo-
lution in a Mediterranean P. pinaster ecosystem, we are convinced
the proposed index could be applicable to other Mediterranean and
non-Mediterranean ecosystems (preferably with low fire recurrence),
as far as candidate endmembers are carefully defined. Future research
should check it. Equally, futures studies should verify whether the
method is also adequate for resprouter ecosystems.

6. Conclusion

We report the first study based on MESMA fractions time series
that analyzes post-fire vegetation recovery. We demonstrated that re-
mote sensing techniques contribute to monitoring the post-fire forest
cover recovery and result in a better understanding of the temporal re-
generation of burned vegetation in forest Mediterranean ecosystems.

We implemented a MESMA-based methodology for modeling
post-fire vegetation recovery in a Mediterranean P. pinaster ecosys-
tem from Landsat data that was proven in Spain. The MESMA shade
normalized GV fraction was referenced to the unburned class and a
vegetation recovery index (VRI) was proposed. For each burn sever-
ity level considered: low, moderate and high, the evolution in time
from 1999 to 2011 of VRI was analyzed and an estimation of the
vegetation cover resilience was provided. We found that 7, 13, and
20 years are need by the vegetation cover affected by low, moderate
and high burn severity level respectively to recover its previous to fire
state. The agreement of these resilience times with the resilience times
provided by other authors in similar ecosystems shows that the pro-
posed methodology adequately models post-fire vegetation cover re-
covery. It is, however, necessary to remember that a meticulous choice
of endmembers representing all existing land covers is a fundamental
requirement in the accuracy of the MESMA fraction images. In this
study, we incorporated both reference and image endmembers to build
the candidate spectral library, and the definitive set of endmembers
was selected by three indices: CoB, EAR and MASA.

We conclude that MESMA fraction images may be capable of
helping us to study post-fire vegetation cover recovery processes and
to understand the influence of burn severity on them, which may be
valuable for fire management policies. Though our study was based
on Mediterranean P. pinaster ecosystem, it could be extended to other
Mediterranean ecosystems. Equally, our study may sustain future re-
search as it provides a new perspective to post-fire ecosystem moni-
toring from multispectral satellite imagery.
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