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ARTICLE INFO ABSTRACT

Keywords: Fire disturbance severely modifies ecosystem structure and functioning, and therefore predicting post-fire re-
MODIS sponses is pivotal to improve land management. Indicators that efficiently link post-fire recovery with a timely
NDVI decision on landscape management can play a key role in the governance of fire risk. We describe a framework to
Post-fire recovery evaluate post-fire recovery based on remotely-sensed measures of relative vegetation recovery, calculated from
?frrri?irsi:smg satellite NDVI time-series. Three indicators are proposed: the novel Cumulative Relative Recovery Index (CRRI),
Vegetation indices measuring the (mid-long term) extent and completeness of recovery; the Recovery Trend Index (RTI), measuring
Wildfires the steepness of the mid-term post-fire recovery trend; and the Half Recovery Time index (HRT), a measure of
the short-term recovery rate. We used Random Forest (RF) models to predict the observed recovery patterns and
ranked the predictive importance of several candidate explanatory factors. The performance of RF models
ranged from good (CRRI, RTI) to moderate (HRT). Three sets of predictive variables consistently ranked higher:
fire traits, landscape composition, and post-fire climatic conditions. The relative contribution of individual
variables was different across recovery indicators. These results show that proposed indicators seem to capture
different facets of the post-fire recovery process. The short-term recovery indicator (HRT) was linked to land-
scape composition and post-fire climate. Thus, HRT expresses the speed of initial recovery, related to differences
in fire-response traits of vegetation and to climatic conditions immediately following fire. The mid-term recovery
indicator (RTI) was mainly influenced by fire traits and post-fire climatic conditions. This indicator captures
multiple interacting effects that shape the recovery process related to fire severity, vegetation type and post-fire
conditions. Finally, the long-term recovery indicator (CRRI) was clearly more influenced by fire attributes re-
lated to severity than by vegetation type and structure or by post-fire climatic conditions. Overall, our results
suggest that a combination of biotic processes (driven by plant life-history traits) and abiotic filters (e.g., post-
fire climate) determine the early post-fire recovery process. Conversely, the mid to long-term recovery response
(expressing its completeness) is driven by the depletion of resilience capacity and by the amount of change in
vegetation structure and functioning modulated by spatial differences in fire severity. Our results strongly
suggest that an indicator-based approach grounded on satellite time-series of vegetation indices can effectively
cover various facets of post-fire recovery. This will improve the monitoring and prediction of post-fire recovery
dynamics, with valuable applications in fire hazard management and post-fire ecosystem restoration and
monitoring.

1. Introduction

The field of fire ecology has evolved to include an ever broader
range of concepts and techniques (Keeley et al., 2011). Traditionally,
fire research emphasised the relation between wildfire patterns and
structural features of the landscape, such as land cover categories
(Bajocco and Ricotta, 2008; Nunes et al., 2005) or vegetation types
(Gumming, 2001; Krivtsov et al., 2009). This focus has been shifting
towards the links of fire with various functional characteristics of
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vegetation, such as productivity dynamics or fuel phenology, in order to
early detect or even anticipate ecosystem changes (Alcaraz-Segura
et al.,, 2008; Angelis et al., 2012). This functional approach can be
particularly useful in areas of the globe under a Mediterranean climate,
with a marked seasonality of wildfire occurrence (Bajocco and Ricotta,
2008; Beven and Germann, 2013; Helman et al., 2015; Pausas, 2004)
and a strong relation between the seasonal timing of vegetation and
wildfire regimes (Bajocco et al., 2010).

Changes in ecosystem and landscape functioning induced by fire
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Fig. 1. Diagram representation of the general workflow adopted for the analysis of post-fire vegetation recovery.

disturbance have been reported from studies based on satellite imagery
and remote sensing methods. Those changes include drastic decreases
of photosynthetic activity (e.g. Gouveia et al., 2010; Tonbul et al.,
2016), shifts in vegetation phenology (e.g. Angelis et al., 2012),
changes in structure and function in forest landscapes (Cavallero et al.,
2015), or feedbacks between surface temperature and climate change in
burnt boreal forests (Rogers et al., 2012). Moreover, remote sensing of
vegetation offers comprehensive spatiotemporal information about
properties and condition of fuel type (Angelis et al., 2012; Schneider
et al., 2008).

Remotely-sensed vegetation indices have also been used to analyse
post-fire recovery. Diaz-Delgado et al. (2002) used the Normalized
Difference Vegetation Index (NDVI) from Landsat imagery to monitor
vegetation recovery after successive fires; they successfully correlated
fire recurrence with resilience and with the contribution of different
plant life strategies to that same resilience. van Leeuwen et al. (2010)
used a remotely-sensed NDVI time-series to extract land surface phe-
nological attributes (including the start and end of the growing season,
the base and peak values, and the integrated seasonal NDVI), to monitor
post-fire vegetation response. Di-Mauro et al. (2014) used MODIS-de-
rived vegetation indices to analyse post-fire resilience and shifts in the
start and end of the growing season, in broadleaf forest and prairies.
The results from these and other studies suggest that satellite time-
series of vegetation functioning data may support a valuable toolkit for
efficiently monitoring post-fire responses. For example, remotely-
sensed observations such as those obtained from the MODIS sensors
provide comprehensive spatial coverage and enough temporal resolu-
tion (8 or 16-days composites of daily images) to update vegetation
condition in a more efficient, timely and operational manner than
traditional aerial photography (Oswald et al., 1999) or in-field
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surveillance (Riafio et al., 2002). These characteristics highlight the
importance of developing remotely-sensed indicators for monitoring
post-fire vegetation recovery. Indeed, satellite products have been
particularly useful for investigating not only fire disturbances but also
post-fire recovery (White et al., 2017). However, in spite of the accu-
mulated evidence of the added-value of remote sensing to multiple
aspects of fire ecology, there is still a lack of satellite-based indicator
sets that can adequately describe different facets of post-fire vegetation
recovery, namely concerning its rate and completeness. In this regard,
three types of functional attributes potentially useful for tracking post-
fire recovery can be extracted as yearly measures from NDVI time-
series: productivity (annual mean), seasonality (annual range) and
phenology (date of the maximum value) (Alcaraz et al., 2006). These
three types of attributes describe the height and shape of the annual
NDVI curve, and previous studies have shown they have biological
significance (e.g., Alcaraz-Segura et al., 2017; Pettorelli et al., 2005).
Here we explored the usefulness of a high-temporal resolution sa-
tellite (MODIS) products to assess pre- and post-fire vegetation func-
tioning dynamics. Specifically, we aimed to identify and rank the main
drivers of the post-fire vegetation recovery process. Building on the
Essential Variables narrative (e.g., Pettorelli et al., 2016), we explored a
limited set of satellite-based indices to analyse post-fire recovery and its
drivers in northern Portugal, a wildfire hotspot in Europe (EFFIS,
2015). First, we analysed pre- and post-fire NDVI profiles of a set of
areas burnt in 2005, a focal year characterized by extreme wildfire
occurrence (Marques et al., 2011). For each recovery indicator, we
developed a predictive model to analyse how it is affected by fire se-
verity, fire spatial attributes, fire history, physical environment, post-
fire climatic conditions, landscape composition, and pre-fire vegetation
functioning. Our final goal was to select a core set of indicators based
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Fig. 2. Wildfires in Southern Europe and in the study area (northern Portugal) for the time frame 2001-2011; the study area is located in the highest fire incidence region of Europe

(Northwest Iberian Peninsula). Source: EFFIS, 2015.

on remote-sensing vegetation indices to capture the different facets of
vegetation recovery across a region heavily affected by wildfires and
with high socio-environmental heterogeneity.

2. Material and methods
2.1. General approach and workflow

The general workflow included five sequential steps (Fig. 1), as
described in the sections below: (1) selection of burnt areas for the focal
year of 2005; (2) computation of post-fire recovery response variables
(candidate indicators); (3) computation and pre-selection of predictive
variables; (4) model calibration, evaluation and ranking; and (5) as-
sessment of the importance of individual predictive variables.

2.2. Test area, wildfire data, and focal burnt areas

The studied area comprises the northern part of continental
Portugal (Fig. 2), limited at south by the Serra da Estrela mountain
range (upper left: —8.90°, 42.15°% lower right: —6.25°, 39.97°). This
area includes the westernmost transition between the Atlantic and
Mediterranean environmental zones and biogeographic regions of
Europe (Costa et al., 1998; Metzger et al., 2005). There are wide var-
iations in elevation (from O m to 1993 m) and a large heterogeneity of
environmental conditions (climate, radiation, soil types). The con-
tinental Mediterranean climate in the inland areas contrasts with the
Atlantic climate predominant towards west and in sub-coastal moun-
tains (Costa et al., 1998). According to Corine Land Cover 2006
(Caetano et al., 2009), the study area is mainly composed by 4% of
urban/artificial areas, 39% by agricultural and agroforestry land, 31%

by combining scrubland and sparsely vegetated areas, 4% by natural
and semi-natural grasslands and 21% is covered by forests.

This area has the highest frequency of wildfires in Portugal (Pereira
et al., 2006) and one of the highest frequencies across southern Europe
(EFFIS, 2015; Fig. 2). In Portugal, the annual burnt area has con-
siderably increased during the last three decades. From 1980 to 2004,
an area equivalent to 30% of the country was burnt. In the period be-
tween 2000 and 2011, the average yearly burnt area was above
150,000 hectares, and the average number of occurrences was ca.
25,000 per year (European Commission, 2010). These values are three
and five times more than for Italy and Spain respectively (Pereira et al.,
1998; Pereira and Santos, 2003).

Fire data for Portugal were available from the national forest au-
thority (ICNF) in vector format, with a minimum mapping area of
5hectares available between 1990 and 2011 (ICNF, 2016). A vector
grid with a cell size of 250x250m (corresponding to the spatial re-
solution of MODIS data) was used to calculate the percentage of burnt
area per year for each cell. Grid cells that burned 75% or more of their
surface area in 2005 and that remained completely unburned or par-
tially burned (up to a threshold of 25% or less) in the remaining years of
the focal time period (2001-2011) were selected to analyse post-fire
recovery.

2.3. Computation of response variables

Recovery indicators were calculated from the Terra/MODIS NDVI
time-series product MOD13Q1. This includes composite data for every
16 days, with corrections for atmospheric effects such as clouds and
aerosols, as well as a data quality assessment (QA) layer (Solano et al.,
2010). Additional corrections were made to the time-series in order to
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List of selected variables related to Fire traits and to Fire history and recent trends in burnt area. Columns in the left display if the variable entered the final RF model for Cumulative

Relative Recovery Index (CRRI), Recovery Trend Index (RTI) and Half Recovery Time (HRT).

CRRI RTI HRT Variable acronym Description

Fire traits

X X X BRGMI NDVI post-fire break magnitude index calculated as difference between the median NDVI between 2001-2004 and the 2005 minimum
NDVI

X X X BPCRI Burnt patch circle index is a measure of patch shape calculated as BPCRI = 1 — (aj/a. ), where a; is the area of the burnt patch i (m?);
and, a.; equals the area of smallest circumscribing circle around the burnt patch i (m?).

X X X BPPAR Burnt patch perimeter-area ratio is a measure of shape complexity calculated as BPPAR = p;/a; where pi is the perimeter of the burnt
patch (meters) and a; its area (sq. meters)

X X BPPRI Burnt patch proximity index is a measure of isolation of burnt patches spatial distribution; it is calculated as X(a; /dijz); it equals the sum of
patch area, a; (in m?) divided by the distance squared, d;;* (in m?), between the focal burnt patch (i) and all neighboring burnt patches
( = 1,...,s) within a 1500 m radius

X DBRPE Distance to burnt patch edge from each focal cell (meters)

Fire history and recent trends in burnt area

X X X MNBRA_90-04 Mean burnt area between 1990 and 2004

X X X BRATR_90-04 Burnt area trend slope between 1990 and 2004
X X X BRATR_95-04 Burnt area trend slope between 1995 and 2004
X X X TBA2010_1000

X X X TBA2011_1000

Total burnt area in year 2010 considering a 1000 m buffer around recovering sites
Total burnt area in year 2011 considering a 1000 m buffer around recovering sites

minimize remaining errors and noise in a two-step blind rejection ap-
proach for data cleaning and smoothing, following Marcos et al. (2012).
First, to remove spurious values, we employed a filter based on the
Hampel identifier (Hampel, 1974). Considered rather -effective
(Pearson, 2002), this method uses the concept of breakdown points
based on local estimations of the median absolute deviation (MAD) and
replaces the identified outliers with a local median. Then we used a
Savitzky-Golay filter (Vaughan, 1982), which has been increasingly
applied for cleaning, smoothing and reconstruction of NDVI time-series
(Heumann et al., 2007; Nardini et al., 2004). All these computations
were performed using the R programming environment, version 3.3.0
(R Development Core Team, 2016).

As post-fire recovery can develop in different phases and involving
different processes (Bartels et al., 2016), we computed three indicators
of post-fire recovery for the set of previously selected burnt pixels, using
the NDVI time-series for the focal post-fire period (2006-2011):

(i) Half Recovery Time (HRT), a measure of short-term recovery ve-
locity. HRT corresponds to the number of days necessary to reach
the 50% level of recovery from the minimum NDVI value observed
during the year of fire (i.e. 2005) to the pre-fire median (for years
2001-2004). According to Bartels et al. (2016), an indicator such
as this one may give an approximation of the amount of time
needed for a transition between a phase of rapid initial regenera-
tion (in the first ca. 3 years after disturbance) to a more gradual
one. This indicator was obtained through non-linear model fitting
of the post-fire (i.e. 2006-2010) NDVI anomalies (to the “Gorgeous
Year”), building on the approach described in Gouveia et al. (2010)
and Bastos et al. (2011). We used the median as it is more robust
against outliers and spurious values frequently found in NDVI
time-series. HRT values below 100 days were excluded since these
were considered less consistent with the distribution of remaining
values in the area (as well as with those obtained by Gouveia et al.
(2010)), also allowing to improve the performance and robustness
of predictive models.

Recovery Trend Index (RTI), a measure of the recovery steepness,
especially after the initial phase of rapid regrowth. It was com-
puted as the slope of the trend in the NDVI data for the post-fire
period using the Theil-Sen’s estimator, a rank-based test that is
robust against non-normality of the distribution and missing values
(Theil, 1950). We used the R package zyp (Bronaugh et al., 2009),
which accounts for inter-annual autocorrelation present in the
data.

(iii) Cumulative Relative Recovery Index (CRRI), proposed for the first

(i)
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time in this study. CRRI is a more integrative measure of recovery,
reflecting a longer period after the fire event, when the establish-
ment of seedlings is usually successful (Bartels et al., 2016). It was
calculated as the average of the yearly median relative recovery
values in the post-fire period:

INDV o i—MinNDVI, |
NDVl,y,

1 N
CRR]:NZ

i=1

where Nﬁ\ﬁpos,'iis the median NDVI of the year i, minNDVIy, is the
minimum NDVI value during the year of fire, NET/fpmis the median
NDVI during the pre-fire period, and N is the number of years in the
post-fire period (in this case N = 5 corresponding to 2006-2010).

2.4. Computation and pre-selection of predictive variables

In total, 236 predictive variables (see the complete list in
Supplementary Material), organized in six groups, were considered in
the initial dataset. To increase model parsimony, improve computation
speed and reduce correlation/multicollinearity between predictors, we
used the Random Forest variable importance features for conducting
variable pre-selection using a three-stage algorithm. First, we ran 1000
RF replicates by predictor group (using default model settings) with 5%
(randomly selected) of the initial dataset for calibration, and calculated
variable importance statistics. For each round, the top ten variables
with an absolute pairwise Spearman correlation below 0.8 were kept.
We then quantified the frequency each selected variable entered the top
ten and kept only the best five variables for each predictor group with a
pairwise correlation below 0.7. Finally, we calculated the Spearman
correlation matrix between all previously selected variables, within and
across groups, and eliminated predictors with the lowest RF perfor-
mance score from pairs recording an absolute correlation higher than
0.7.

As a result of this pre-selection algorithm, a total of 42 individual
predictor variables were pre-selected for all response variables (Tables
1-3), 26 of which were used for modelling HRT, 25 for RTI, and 27 for
CRRI. These variables, belonging to the six groups, are briefly described
in the following paragraphs.

2.4.1. Fire traits

Fire severity and the spatial configuration of burnt areas have been
shown to affect post-fire recovery (Bastos et al., 2011; Ireland and
Petropoulos, 2015; Lee et al., 2014; Meng et al., 2015). To assess the
predictive importance of these factors, we quantified fire severity by
calculating the NDVI post-fire Break Magnitude Index (hereafter



T. Jodo et al. Ecological Indicators 89 (2018) 199-212

Table 2
List of selected variables related to Environmental and physical attributes and to Post-fire climatic conditions from 2005 to 2007. Columns in the left display if the variable entered the
final RF model for Cumulative Relative Recovery Index (CRRI), Recovery Trend Index (RTI) and Half Recovery Time (HRT).

CRRI RTI HRT Variable acronym Description

Environmental and physical attributes

X BIO_02 Mean Diurnal Range calculated as mean of monthly maximum temperature — mean of monthly minimum temperature (°C)
X X BIO_07 Temperature Annual Range calculated as maximum temperature of the hottest month — minimum temperature of the coldest month (°C)
X X BIO_15 Precipitation Seasonality calculated as the Coefficient of Variation of monthly total precipitation (mm)
X X BIO_19 Precipitation of Coldest Quarter (mm)
X MELEV Mean elevation (meters a.s.l.)
X X X PSLOP Slope (%)
X X TOWEI Topographic Wetness Index which is a steady state wetness index correlated with several soil attributes such as horizon depth, silt
percentage, organic matter content
X X MRKTY Main/dominant rock type

Post-fire climatic conditions (2005 to 2007)

X X TOTALPP_2005 Total precipitation for year 2005 (mm-year ')
X TOTALPP_2006 Total precipitation for year 2006 (mm-year ')
X X X TOTALPP_2007 Total precipitation for year 2007 (mm-year ')
X MAXTP_2006 Maximum temperature of the hottest month for 2006 (°C)
X X MAXTP_2007 Maximum temperature of the hottest month for 2007 (°C)
X X X MINTP_2007 Minimum temperature of the coldest month for 2007 (°C)

BRMGI), defined as the difference between the median NDVI for
2001-2004 (used as the pre-fire referential) and the 2005 minimum
NDVI (Table 1). This indicator is a straightforward measure of the
impact (severity) of fire on vegetation greenness, and it is similar to
other measures already used in literature (e.g., White et al., 2017). A set
of spatial pattern metrics were also computed to capture the spatial
configuration and distribution of the previously selected burnt areas
(see Table 1 and Supplementary Material) using ArcGIS and Fragstats
(McGarigal et al., 2012).

2.4.2. Fire history and trends

Fire regime characteristics related to fire frequency are known to
affect ecosystem resilience and hence the ability to recover to the pre-
disturbance state (e.g., Diaz-Delgado et al., 2002). In order to evaluate
these effects, historical fire recurrence, area and recent trends in burnt
area prior to the focal year (2005) were calculated. (Table 1). These fire
history variables were calculated considering three nested periods:
1990-2004, 1995-2004, and, 2000-2004, using the Portuguese

Table 3

National Cartographic Map of Burnt Areas (ICNF, 2016). Total burned
area after 2005 (i.e., in the period from 2006 to 2011) around re-
covering sites (within a buffer of 1000 m) was also calculated to portray
the proximal effect of wildfires on recovery processes (Table 1).

2.4.3. Environmental/physical attributes

Topography, soils, lithology and pre-fire climatic regime play an
important role in determining ecosystem response to wildfires and post-
fire vegetation assembly (e.g., Diaz-Delgado et al., 2002, Meng et al.,
2015, Shryock et al., 2015). We computed a set of variables describing
the main environmental and physical attributes of the study area, such
as geology/lithology, soil type, topography, hydrography, and pre-fire
climate (Table 2). Average climatic conditions for pre-fire (1960-1990)
were available from the WorldClim dataset (Hijmans et al., 2005).
Geological and soil variables were based on the Portuguese Environ-
mental Atlas (APA, 2013), and topographic features were calculated
from the ASTER GDEM version 2 elevation dataset (Tachikawa et al.,
2011).

List of selected variables related to Landscape composition and to Pre-fire ecosystem functioning attributes. Columns in the left display if the variable entered the final RF model for
Cumulative Relative Recovery Index (CRRI), Recovery Trend Index (RTI) and Half Recovery Time (HRT).

CRRI RTI HRT Variable acronym Description

Landscape composition

X PCLC2_750 % cover of agricultural areas in a 750 m buffer around the focal grid cell
X PCLC4 % cover of coniferous forest
X PCLC4_750 % cover of coniferous forest in a 750 m buffer around the focal grid cell
X PCLC4._1500 % cover of coniferous forest in a 1500 m buffer around the focal grid cell
X PCLC4_5000 % cover of coniferous forest in a 5000 m buffer around the focal grid cell
X X PCLC5_5000 % cover of mixed forest in a 5000 m buffer around the focal grid cell
X PCLC6_750 % cover of scrub and/or herbaceous vegetation associations in a 750 m buffer around the focal grid cell
X X X PCLC6_5000 % cover of scrub and/or herbaceous vegetation associations in a 5000 m buffer around the focal grid cell
X RDENS_1000 Density of roads in a 1000 m buffer around the focal grid cell (m/km?)

Pre-fire ecosystem functioning attributes

Time of NDVI maximum during a year — standard-deviation value in a 750 m buffer around the focal grid cell (in days)
Time of NDVI maximum during a year — standard-deviation value in a 5000 m buffer around the focal grid cell (in days)
“Springness” transformation of Time of maximum — mean value in 750 m buffer of the focal grid cell; “Springness” equals: (sine(TIMAX —

“Winterness” transformation of Time of maximum; “Winterness” equals: (cosine(TIMAX - 36)/23) x (2x) x (360/365), with TIMAX being

Length of the growing season calculated as | TIMAX — TIMIN | (in days) - mean value in a 5000 m buffer around the focal grid cell; TIMAX

X X TIMAX MN_5000  Time of NDVI maximum during a year — mean value in a 5000 m buffer around the focal grid cell (in days)
X TIMAX_SD_750
X X TIMAX_SD_5000
X TIMXS_MN_750
36)/23) X (2m) x (360/365), with TIMAX being the time of maximum
X X TIMXS_MN_5000  “Springness” transformation of Time of maximum — mean value in 5000 m buffer of the focal grid cell
X TIMXW
the time of maximum
X TIMXW_MN_750 “Winterness” transformation of Time of maximum — mean value in 750 m buffer of the focal grid cell
X LEGRS_MN_5000
and TIMIN are respectively the time of NDVI maximum and the time of minimum during a year
X NTRSL_01_04 NDVI 2001-2004 trend slope (calculated through the Theil-Sen estimator)
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2.4.4. Post-fire climatic conditions

Rainfall and temperature conditions following wildfires have been
shown to determine the post-fire responses of vegetation (e.g., Diaz-
Delgado et al., 2002; Meng et al., 2015; Shryock et al., 2015). Thus, a
set of annual climatic variables related to temperature and precipitation
for year 2005 (the focal fire year) and the closest post-fire years of 2006
and 2007 (Table 2) were calculated from climatic data available from
the National Information System on Hydrological Resources (SNIRH)
and the Portuguese Meteorological Institute (IPMA). Spatial interpola-
tion, using Ordinary Kriging (implemented in R gstat package), was
applied to obtain a complete coverage for the study area. For de-
termining the best Kriging parameters, we ran and compared the pre-
dictive performance of different values for the nugget and range com-
ponents of the semi-variogram while the partial-sill was kept fixed
(equal to variance). Four model types were tested/compared: Ex-
ponential, Spherical, Gaussian and Matern as well as two model estima-
tion types: Ordinary Least Squares (OLS) and Restricted Maximum
Likelihood (REML). Then, for each climatic variable, 10-fold cross-va-
lidation was used to assess which parameter combination maximized
predictive performance evaluated by the test R? (see also: https://
github.com/joaofgoncalves/ClimKrig for more details on tested para-
meters). From this combination, we performed the interpolation for
obtaining a continuous surface for the entire study area.

2.4.5. Landscape composition

Landscape heterogeneity and composition have also been found to
influence post-fire vegetation density and regeneration (e.g., Bastos
et al., 2011; Lee et al., 2014). To assess these effects, we quantified the
composition of landscape mosaics for each 250 x 250 m grid cell and
its surrounding area (Table 3). We used the Corine Land Cover for
mainland Portugal (year 2000) to represent pre-fire conditions
(Caetano et al., 2005, 2009) and calculated the percentage cover of
eight broad land cover/use classes for each cell (see Supplementary
Material). Additionally, to consider neighbourhood effects on vegeta-
tion recovery processes, we calculated the percentage cover of those
same eight classes using three different buffer distances (750 m, 1500 m
and 5000 m) around each recovering grid cell.

2.4.6. Pre-fire attributes of ecosystem functioning

Pre-fire ecosystem functioning attributes (EFAs), such as those re-
lated to productivity, seasonality, phenology and greenness, were used
to capture several facets of pre-fire vegetation dynamics and hetero-
geneity (Table 3). These variables were calculated from annual NDVI
time-series for the available pre-fire interval (from 2001 to 2004). For
productivity (mainly related to vegetation amount and greenness), the
mean and median values, as well as the maximum and minimum values
for each year, were computed. For seasonality (intra-annual variation in
vegetation amount and greenness), we calculated the range, the stan-
dard-deviation, the median absolute deviation, the coefficient of var-
iation, a non-parametric coefficient of variation (i.e. the median abso-
lute deviation divided by the median), the relative range (i.e. the
difference between the maximum and minimum values, divided by the
mean), and the non-parametric relative range (i.e. the difference be-
tween the maximum and minimum values, divided by the median).
Finally, for phenology (timing in days of growing-season events), we
calculated the moment (i.e. the 16-day maximum value composite) in
which the maximum and the minimum values of each year occurred, as
well as the difference between those two values, as an indicator of the
length of the growing season. Furthermore, we applied transformations
(such as the base-10 logarithm and the negative base-10 logarithm) to
some of the seasonality-related variables. We also computed the
“springness” and “winterness” of the phenological variables (Table 3), by
transforming the original variables into polar coordinates and char-
acterizing them by their sine and cosine values, respectively, in order to
keep the continuous nature of consecutive annual periods (Alcaraz
et al., 2006). We calculated the inter-annual median value for this
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period for all the above EFAs. In addition, similarly to landscape
composition variables, we also incorporated neighbouring effects by
calculating the mean and the standard deviation for each EFA at three
different buffer distances: 750 m, 1500 m and 5000 m.

2.5. Model calibration and evaluation

To investigate and rank the drivers of post-fire recovery, we linked
response variables (or post-fire indicators) to candidate predictors
(Tables 1-3) with the Random Forest (RF) modelling algorithm
(Breiman, 2001), implemented in the R randomForest package (Tang
et al., 2004). The RF algorithm has shown excellent performance in
high-dimensionality situations, due to its ability to handle complex
interaction structures as well as highly correlated variables (Janitza,
2012; Oppel et al., 2009). Along with these features, it also provides
measures of variable importance.

For RF parameterization, we used a ntree value (number of trees to
grow) equal to 120, and the remaining parameters were set to default.
In order to assess model performance, we used Monte Carlo cross-va-
lidation — MCCV (Xu et al., 2004), with 50%/50% train/test splits of the
dataset (n = 20650 pixels/observations). A total of 100 different
random splits/evaluation rounds were used in MCCV to estimate per-
formance measures. Complementarily, we also used 10-fold cross-vali-
dation for performance evaluation. All results, including model pre-
dictions, performance statistics and variable importance measures,
were then averaged across rounds. Regarding performance measures
between observed and predicted values for the test sets, we used R?,
root-mean-square error (RMSE) and the normalized root-mean-square
error (NRMSE).

2.6. Importance of individual predictors

Function importance, implemented in the randomForest package, was
used to evaluate the importance of individual predictive variables,
computed as the total decrease in node impurities from splitting each
variable, averaged over all trees. For regression, node impurity is
measured by the residual sum of squares. We set the scale parameter
equal to FALSE, as suggested in Strobl and Zeileis (2008). Overall, the
variable importance assessment focused on the relative ranking of
variables instead of an absolute contribution to predictive accuracy.

3. Results
3.1. Post-fire recovery indicators

Large variations were observed for the three post-fire recovery in-
dicators across the focal burnt areas, as illustrated in Fig. 3 for selected
pixels. Spearman correlation (p) values for pairs of indicators where:
p=—0.35 (p < 0.0001) between CRRI and RTI, p= —0.10
(p < 0.0001) between CRRI and HRT; and p = 0.60 (p < 0.0001)
between RTI and HRT.

The three recovery metrics were variously influenced by fire se-
verity and by the size of burnt area (Fig. 4). Higher values of the Break
Magnitude Index (BRMGI; a proxy of fire severity) corresponded to
lower values of RTI and CRRI, whereas only a small effect was observed
for HRT (Fig. 4a). Regarding the size of burnt area (Fig. 4b), small-sized
fires were predominantly associated with lower recovery values
(especially for RTI and CRRI). Small fires were also characterized by
higher fire severity (median values: BRMGI < sopectares = 0.75,
BRMGI = 50pectares = 0.58; Spearman correlation between burnt patch
area and BRMGL: p = —0.48, p < 0.0001).

Post-fire recovery was also influenced by pre-fire land cover/vege-
tation type (Figs. 5 and 6). Most (86%) of the focal burnt areas corre-
sponded to scrublands (47.10%), coniferous forests (17.50%), mixed
coniferous-broadleaf forests (11.74%) or broadleaf forests (9.27%).
Coniferous forests recorded much higher HRT median values (i.e.,
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Fig. 3. Temporal profiles of the NDVI anomalies for burnt pixels (in year 2005) corresponding to low (left column), intermediate (middle column), and high recovery (right column) of
each of the metrics of post-fire vegetation recovery used in this study: Half Recovery Time — HRT (top row), Recovery Trend Index — RTI (middle row) and Cumulative Relative Recovery

Index — CRRI (bottom row).

slower initial recovery; Fig. 5a) but higher RTI (overall steeper recovery
trend; Figs. 5b and 6). Smaller differences were observed for CRRI, with
higher values recorded for scrublands, followed by broadleaf forests
(Fig. 5c¢).

3.2. Model performance and determinants of post-fire recovery

The evaluation of RF models based on cross-validation test datasets
showed a good performance for CRRI and RTI, while models for HRT
yielded a moderate performance (Table 4).

Variables describing fire events (Fire traits group — FT), and parti-
cularly the BRMGI, were the most important factors to explain the
observed variation in CRRI and RTI. The importance of BRMGI strongly
decayed from CRRI to RTI (and more so to HRT; Table 5; Figs. 4a and
7). Overall, the fire history (FH) group of variables obtained the lowest
predictive importance (Fig. 7).

For CRRI, the FT group of predictor variables ranked first (most
importantly fire severity, expressed by BRMGI), whereas the remaining
groups showed much less predictive importance (Fig. 7). For RTI, fire
severity and burn patch perimeter-area ratio (both in the FT group) and
post-fire climatic conditions (CC; total precipitation for the year 2005)
ranked higher in terms of explanatory importance. To a less extent,
landscape composition (LC; fraction cover of coniferous forest), pre-fire
vegetation conditions linked to phenology (PC; “winterness” transfor-
mation of time of annual NDVI maximum) and geology (PA; dominant
rock type) also played a role in explaining RTI (Fig. 7, Table 5).

For HRT, in contrast to the previous indicators, features related to

landscape composition attained the highest predictive importance
(Table 5, Fig. 7). Differences in HRT were found for distinct vegetation
types (Fig. 5) with coniferous forests recording the highest values (sy-
nonymous of slower recovery). The fraction cover of mixed coniferous/
broadleaf forests or scrublands also recorded relatively higher pre-
dictive importance (Table 5). In addition, post-fire climatic conditions
(minimum temperature of the coldest month for 2007), average cli-
matic regime (temperature mean diurnal range) and fire severity
(BRMGI) also scored higher importance (Table 5, Fig. 7).

4. Discussion and conclusions
4.1. Satellite remote sensing of post-fire recovery

Remote sensing has received increasing attention in fire ecology,
not only to detect wildfires but also to assess how ecosystems respond
to those disturbance events (e.g., Chuvieco et al., 2010; Di-Mauro et al.,
2014; Gouveia et al., 2010; Lentile et al., 2006). To analyse the spa-
tiotemporal patterns of post-fire vegetation recovery, we developed and
tested three candidate indicators based on MODIS NDVI time-series: the
Half Recovery Time (HRT), the Recovery Trend Index (RTI), and the
Cumulative Relative Recovery Index (CRRI). Moreover, random forests
(RF) models revealed clear differences in the effects of multiple pre-
dictors (and groups of predictors) on the three post-fire recovery in-
dicators.

The Half Recovery Time (HRT) is a non-linear measure of the short-
term recovery rate that corresponds to the number of days necessary to
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Fig. 4. Biplots showing the association between BRMGI (break magnitude index, a proxy for fire severity) and (a) recovery indicators and (b) Log10-transformed burnt patch area. The
blue line represents a non-linear semi-parametric GAM smooth. The ‘D’ in the xx-axis label represents the explained deviance by the smooth curve.

reach the 50% level of pre-fire conditions (set as the 2001-2004
median). For this indicator, the structural features of the landscape
(composition and spatial configuration) at focal and contextual levels,
as well as post-fire climatic conditions, were identified as the most
important factors. The effects of landscape structure at different dis-
tances around the focal burnt areas (see Table 5) highlight the im-
portance of a multi-scalar approach to analyse the effects of landscape
structure on fire occurrence and on post-fire recovery (Lozano et al.,
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2010; Morgan et al., 2001). It also reveals the importance of con-
sidering landscape heterogeneity in the assessment of fire regimes and
post-fire recovery processes.

The Recovery Trend Index (RTI) is a linear measure of recovery
steepness, computed as the slope of the trend in the NDVI data for the
post-fire period. For this indicator, BRMGI was the variable recording
the highest predictive importance (as well as for CRRI; see Table 5).
This variable translates the relative decrease in NDVI produced by the



T. Jodo et al.

Ecological Indicators 89 (2018) 199-212

(a) HRT (b) RTI (c) CRRI
1000~
H 7 P
4 i i 3 i 5
. H ]
I ' 0.004- - .
. = X06-
0 H ] 3 s 14 0.6
= . )
g 750- = . = : . =
= 1 ; 3 i | 3
- H ] zZ s c
= 1 : £0.003- £
x 1 S >
T . 1 E g
o i ! x 2
£ . = Q04 >—<
= i b 2
@ | < p —
@ %00 1 < 0.002- L 2
s — 2 kS
7] 9 Q
g £ .
= g 2
= =
T 3 So2-
$0.001- £
250- 2 3
H
“
0.000- .
, , | , _ | | , 0.0- , , : :
N g o s » g
u— o u— § o] b= ©
8 5 = & 3 g = & 3 g = 5
El D S S ol 5] S S 5 5] s S
o ‘e el g o = kel g o kS kel g
@ 3 £ ® @ 3 £ @ @ 3 £ @
= = =

Land cover type

Land cover type

Land cover type

Fig. 5. Boxplots displaying differences in the distribution of the (a) Half Response Time (HRT), (b) Recovery Trend Index (RTI) and (c) Cumulative Relative Recovery Index (CRRI) for
pixels with four different dominant land cover/vegetation types (occupying > 95% of the pixel). Outliers (i.e., points + 1.5 times the interquartile distance), are represented as points.

Median recoveries by land cover class

0.75-

NDVI recovery
°

2006 2008 2010

Land cover class: — Broad-leaved

Mixed forest

Fig. 6. Median recovery profiles for different land cover/vegetation types. The estimated
prewhitened linear trend coefficients were: broad-leaved forest = 3.99 x 10~ *, con-
iferous forest = 5.72 x 10~ %, mixed forest = 4.18 x 10~ %, and scrub/herbaceous vege-
tation = 4.59 x 10~ %, ‘Coniferous forest’ land cover type recorded the highest trend
slope consistent with RTI values.

Table 4
Random Forest model performance for the test set, based on R, root-mean-square error
(RMSE), and normalized root-mean-square error (NRMSE).

Model (response variable) R? RMSE NRMSE
CRRI 0.85 4.47 x 1072 5.08
RTI 0.77 3.38 x 1074 4.81
HRT 0.52 124 14.5

fire event in regard to the pre-fire NDVI mean (2001-2004). It is thus a
proxy for the severity of the fire event (see Fig. 3). There is a well-
known relation between fire severity and post-fire recovery, with more
severe fires causing a higher depletion of the recovery capacity of burnt
areas whereas less severe fires are often followed by rapid recovery
(Diaz-Delgado et al., 2002; Van Leeuwen et al., 2010). Lee et al. (2014)

found that, together with the compositional and spatial heterogeneity
of pre-fire forest, burn severity had a significant impact on post-fire
vegetation density and regeneration. Ireland and Petropoulos (2015)
also found a negative correlation between fire damage and recovery.
Nevertheless, we found that the predictive importance of BRMGI decays
considerably from CRRI and HRT to HRT (see Figs. 4 and 7). This
suggests that fire severity expresses its effect over a longer period of
time, whereas in a shorter time span landscape composition (namely
the dominant forest type) played a more important role.

For RTI, the features of the fire event and the post-fire climatic
conditions were the more important predictive factors. Although with
lower predictive importance, landscape composition and pre-fire con-
ditions (mostly related to vegetation phenology; Table 5 and Fig. 7) also
explained some of the RTI variation. The recovery process as portrayed
by this indicator thus seems to respond to a complex interaction of
functional and structural constraints. An example of structural effects is
the BPPAR variable (i.e., burnt patch perimeter-area ratio, negatively
correlated to burnt patch area, p = —0.89, p < 0.0001). This variable
had a relatively high predictive importance for RTI (and for CRRI, to a
lesser extent; see Table 5). This partially expresses an indirect relation
with burnt severity since burnt patches with lower BPPAR (i.e., with
larger area) usually hold higher spatial heterogeneity and thus higher
internal variability in burnt severity (Lee et al., 2014). This hetero-
geneity potentially allows the occurrence of less impacted or even un-
burned ‘islands’ (Roman-Cuesta et al., 2009). Mixed-severity fires often
create heterogeneous landscape mosaics due to the variation in re-
covery rates and recruitment conditions (Hayes and Robeson, 2011).
Thus, a more direct effect on recovery could also emerge in larger areas
(with higher heterogeneity of burn severity) since less severely burned
or unburned ‘islands’ can act as seed sources that may enhance post-fire
vegetation regeneration (Ordénez et al., 2005; Roman-Cuesta et al.,
2009; Turner and Romme, 1994).

Finally, the Cumulative Relative Recovery Index (CRRI), proposed
in this study, is a measure of the extent of recovery, calculated as the
average of the yearly median relative recovery values in the post-fire
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Table 5

Ranking of the relative contribution of predictive variables (and groups of variables) for models calibrated for each response variable (i.e. post-fire recovery indicator): Half Recovery
Time (HRT), Recovery Trend Index (RTI) and, Cumulative Relative Recovery Index (CRRI). Only the top 10 variables are shown. Groups of explanatory variables: FT (Fire Traits); PC (Pre-
fire conditions/EFAs); LC (Landscape composition); PA (Environmental/physical attributes), CC (Post-fire climatic conditions) and FH (Fire history). Relative importance (RI) calculated
as: RI = [Ij/max(I;)] x 100, with I; equal to the importance of variable i as determined by the Random Forest algorithm.

Resp. var. Rank Rel. importance (%) Group Variable acronym  Variable description

HRT #1 100.0 LC PCLC4_750 % cover of Coniferous forest in a 750 m buffer
#2 61.3 LC PCLC4.5000 % cover of Coniferous forest in a 5000 m buffer
#3 48.4 CC MINTP_2007 Minimum temperature of the coldest month for 2007
#4 46.8 LC PCLC5_5000 % cover of Mixed forest in a 5000 m buffer
#5 46.1 PA BIO02 Temperature Mean Diurnal Range
#6 43.4 FT BRGMI NDVI post-fire break magnitude index
#7 43.2 PA BIO19 Precipitation of Coldest Quarter
#8 42.5 CC TOTALPP_2005 Total precipitation for year 2005
#9 40.1 LC PCLC6_5000 % cover of Scrub and/or herbaceous vegetation associations in a 5000 m buffer
#10 37.4 PA BIO15 Precipitation Seasonality
RTI #1 100.0 FT BRGMI NDVI post-fire break magnitude index
#2 38.4 FT BPPAR Burnt patch perimeter-area ratio
#3 26.3 CC TOTALPP_2005 Total precipitation for year 2005
#4 20.9 LC PCLC4_1500 % cover of Coniferous forest in a 1500 m buffer
#5 17.5 PC TIMXW_MN_750 “Winterness” transformation of Time of maximum — mean value in 750 m buffer of the focal grid cell
#6 15.9 LC CLC4 % cover of Coniferous forest
#7 14.6 FT DBRPE Distance to burnt patch edge
#8 14.5 PC TIMXS_MN_5000 “Springness” transformation of Time of maximum — mean value in 5000 m buffer of the focal grid cell
#9 14.2 CC TOTALPP_2007 Total precipitation for year 2007
#10 12.5 PA MRKTY Main/dominant rock type
CRRI #1 100.0 FT BRGMI NDVI post-fire break magnitude index
#2 7.8 PC NTRSL_01_04 NDVI 2001-2004 trend slope
#3 7.4 FT BPPAR Burnt patch perimeter-area ratio
#4 5.8 PA MELEV Mean elevation
#5 5.0 CC MAXTP_2006 Maximum temperature of the hottest month for 2006
#6 4.9 LC PCLC6_750 % cover of Scrub and/or herbaceous vegetation associations in a 750 m buffer
#7 4.5 FH MNBRA_90-04 Mean burnt area between 1990 and 2004
#8 4.4 CC TOTALPP_2007 Total precipitation for year 2007
#9 4.2 CC TOTALPP_2006 Total precipitation for year 2006
#10 4.1 LC PCLC2_750 % cover of Agricultural areas in a 750 m buffer
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Fig. 7. Barplot showing the maximum value for Relative Importance (RI; calculated as RI = [;/max(J;)] X 100, with J; equal to the importance of variable i as determined by the Random
Forest algorithm), per variable group for each response variable: Cumulative Relative Recovery Index (CRRI), Recovery Trend Index (RTI) and, Half Recovery Time (HRT). Groups of

explanatory variables include: FT (Fire Traits); PC (Pre-fire conditions/EFAs); LC (Landscape composition); PA (Environmental/physical attributes); CC (Post-fire climatic conditions) and
FH (Fire history). Variable importance values were estimated using Random Forest functions.
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period. Again, the BRMGI was the variable recording the highest pre-
dictive importance for explaining CRRI (see Fig. 7). In addition, fires
with smaller areas recorded the lowest values for CRRI (and RTI; see
Fig. 4). Overall, the features of the fire event (e.g., fire severity, spatial
patterning of burnt area) were the dominant constraints to explain the
recovery process as portrayed by this indicator. Similarly, Martin-Alcon
and Coll (2016) found that Pinus nigra has locally resilient responses
driven by fire effects (presence of unburned patches and burn severity)
and by the characteristics of the pre-fire vegetation (such as the pre-
sence of stable forest areas) that determine seed recruitment supplied
by surviving individuals. To a much lesser extent, pre-fire conditions
and post-fire climate also contributed to explain the spatial variation of
this indicator (see Fig. 7).

These three indicators jointly allow an integrative assessment of the
post-fire recovery process. Short-term recovery response, as assessed by
the HRT indicator, was strongly linked to landscape composition and
specifically to the percentage of coniferous forests, mixed coniferous/
broadleaf forests, and scrublands (see Table 5). Typically, coniferous
species recover from the seed bank and thus have slower recovery times
in comparison to resprouting species (such as broadleaf and scrubland
species), as observed here (see Figs. 5a and 6) and in previous studies
(e.g.: Bastos et al., 2011; Pausas and Bradstock, 2007; Shatford et al.,
2007; Shryock et al., 2015). Although the CRRI indicator recorded re-
latively less differentiation among land cover types (see Fig. 5¢), con-
iferous forests also obtained the lowest recovery values for this in-
dicator; however, in contrast, RTI values for coniferous forest species
were the highest (see Fig. 5b). This seemingly contradictory result may
be due to the fact that coniferous dominated areas have a slower re-
covery immediately after the fire (hence higher HRT), however their
average trend in a longer timeframe is actually steeper (higher RTI),
with similar median NDVI values observed across land cover classes
towards the end of the analysed time-series (see Fig. 6).

4.2. Indicators and determinants of post-fire recovery

Overall, differences in the predictive importance of the several
groups of variables allowed to describe and understand the responses of
each of the recovery indicators, and to portray different facets of the
post-fire vegetation recovery process. Three sets of predictive variables
consistently obtained higher relative importance: (i) Fire traits (FT),
especially BRMGI (characterizing fire severity) and BPPAR (burn patch
perimeter-area ratio; linked to burnt severity heterogeneity); (ii)
Landscape composition (LC) particularly the fraction cover of con-
iferous forests; and (iii) post-fire climatic conditions (CC), namely
minimum and maximum temperatures and total precipitation.

The HRT, an indicator of short-term recovery, was clearly more
related to the LC and CC groups. This indicator captured the half-re-
covery time (or speed), mainly related to differences in fire-recovery
traits of vegetation, to climate conditions after the fire event, and to
interactions between these and (to a lesser extent) other factors. The
role of post-fire climatic conditions as an important predictor of re-
covery was described in previous studies (e.g., Meng et al., 2015;
Shryock et al., 2015). Keeley et al. (2005) showed that scrubland re-
covery under Mediterranean climate in California is strongly de-
termined by precipitation patterns, and Nelson et al. (2014) found that
Artemisia tridentata recovery was positively linked to precipitation fol-
lowing the fire. Moreover, re-sprouting capacity is known to be posi-
tively related to precipitation following fire (DeFalco et al., 2010; Nano
and Clarke, 2011; Pausas and Bradstock, 2007).

The RTI indicator, expressing mid-term recovery, was mainly driven
by the FT and CC groups, but also, to a less extent, by the LC group. This
indicator expresses the steepness of the linear trend at the mid-term
recovery (or long-term, depending on the extension of the time-series).
As such, RTI captures multiple interacting effects that shape the re-
covery process in terms of vegetation functioning. Since its computation
is based on a rank-based method, it is robust against non-normality and
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missing values (Theil, 1950) and less influenced by seasonality and
intra-annual peaks or fluctuations that occur during recovery. These
features make RTI a promising indicator of mid-to-long term post-fire
recovery under distinct climate regimes.

Finally, our long-term recovery indicator (CRRI) was strongly re-
lated to fire attributes (FT group; essentially the spatial variation of fire
severity) and was much less driven by vegetation type and structure or
by climatic conditions following the fire event. This indicator is influ-
enced by intra-annual fluctuations since it is based on annual median
values, thus capturing the entire time-series recovery integral on a
yearly basis (similarly to Veraverbeke et al., 2011). By accounting for
differences in pre-fire conditions (i.e., pre-fire median), it allows com-
parisons across sites. This indicator expresses post-fire recovery com-
pleteness related to ecosystem functioning (e.g., Van Leeuwen et al.,
2010), in the mid-term or long-term depending on the extent of the
time-series and on the specific (pyro-)environmental context.

Overall, our results for the three proposed indicators suggest that
they can capture the interacting effects of the biotic processes (e.g., seed
delivery or supply, competition, recovery capacity determined by spe-
cies life-history traits) and abiotic filters (e.g., post-fire precipitation
and temperature) that determine the early post-fire recovery process. In
the mid-to-long term, recovery responses mainly link back to the de-
pletion of resilience capacity and the amount of change impacting ve-
getation structure and functioning caused by differential fire severity.
Over a longer temporal context, the effect of species traits and inter-
annual variations in climate tend to be averaged out, thus having lower
relative importance (see Johnstone et al., 2016).

4.3. Towards improved management of post-fire recovery and fire hazard

Our results suggest that the three recovery indicators express dif-
ferent aspects of the recovery process. Given their distinct definitions
and computation, as well as their responses to different sets of de-
terminants, they seem to cover different stages and facets of the post-
fire recovery process. This supports the usefulness of multi-indicator
functional approaches, based on high-temporal resolution remote sen-
sing time-series of spectral vegetation indices, to fully analyse key
ecosystem properties and processes (Alcaraz et al., 2006; Di-Mauro
et al., 2014; Van Leeuwen et al., 2010). Our three indicators were not
strongly correlated across a large, heterogeneous and heavily burnt
region, jointly allowing a more integrative view of vegetation recovery,
a key issue when evaluating ecosystem resilience (Lavorel, 1999;
Moretti and Legg, 2009; Pausas and Lloret, 2007).

Post-fire recovery capacity is a key determinant of the rapid re-
establishment of pre-fire ecosystem functioning and provision of eco-
system services (Bugalho et al., 2011; Duguy et al., 2012). At the same
time, this recovery will also increase fuel biomass accumulation across
the landscape (Lloret et al., 2002; Moreira et al., 2011), thus amplifying
fire hazard and originating a trade-off challenge to authorities in charge
of nature conservation and landscape management. Our results suggest
that forest and landscape planning for improved post-fire recovery
should consider the functional dimension of landscapes besides their
structural attributes, especially when defining broad planning and
management units. This adds to the several other applications of remote
sensing tools in fire detection and in fire risk management (Chuvieco
et al., 2010). In addition, besides mapping burned areas, national and/
or regional authorities should also focus on mapping fire severity since
this is a major driver of post-fire recovery. Our study illustrates how
existing satellite platforms can be very useful in this regard. The re-
sulting information could further be useful for prioritizing actions of
fire impact mitigation and post-fire restoration. Given the importance
of post-fire climatic conditions (precipitation and temperature) to ex-
plain recovery processes, monitoring these parameters, with as high
spatial and temporal resolution data as possible, is also crucial to assess
the rate of vegetation recovery.

Post-fire NDVI anomalies in the interannual mean and range of
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photosynthetic activity were usually higher than during pre-fire con-
ditions (see Fig. 3). This pattern was expected since NDVI is positively
correlated to vegetation cover (De Keersmaecker et al., 2014), pro-
ductivity (Jobbagy et al., 2014) and leaf area index (Carlson and Ripley,
1997; Wang et al., 2005). Moreover NDVI-based recovery indices
showed a general pattern of fast recovery immediately after the fire and
a non-linear gradual decrease in response speed (typically after
6-12 months), as observed by Ireland and Petropoulos (2015). Overall,
this suggests a higher dependence of suitable environmental (namely
climatic) conditions in early post-fire recovery, often related to the
replacement of pre-fire vegetation by early successional vegetation
types. Increased variance and ‘flickering’ has also been related to po-
tential critical transitions in vegetation state and properties such as
resilience (Dakos et al., 2013, 2012). The depletion of resilience to
disturbances decreases the self-repairing capacity of ecosystems (Folke
et al., 2004) and increases the risk of sudden regime shifts, posing a
serious challenge to the management of natural capital (Boettiger et al.,
2013).

In this study, we showed that a multi-indicator functional approach
based on time series of remotely-sensed vegetation indices, combined
with machine learning techniques, can be rather useful in post-fire re-
search and management. The potential applications range from evalu-
ating post-fire processes and rates to assessing their main driving fac-
tors, with benefits for landscape management and monitoring, post-fire
ecosystem restoration, and risk governance. The continuous data
streams coming from currently available satellite platforms (e.g., ESA/
Copernicus Sentinel program) opens new opportunities to track post-
fire dynamics from space, allowing managers and other stakeholders to
make more informed and timely decisions.
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