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A B S T R A C T   

Wildfire disturbances can profoundly impact many aspects of both ecosystem functioning and resilience. This 
study proposes a satellite-based approach to assess ecosystem resilience to wildfires based on post-fire trajec-
tories of four key functional dimensions of ecosystems related to carbon, water, and energy exchanges: (i) 
vegetation primary production; (ii) vegetation and soil water content; (iii) land surface albedo; and (iv) land 
surface sensible heat. For each dimension, several metrics extracted from satellite image time-series, at the short, 
medium and long-term, describe both resistance (the ability to withstand environmental disturbances) and re-
covery (the ability to pull back towards equilibrium). We used MODIS data for 2000–2018 to analyze trajectories 
after the 2005 wildfires in NW Iberian Peninsula. Primary production exhibited low resistance, with abrupt 
breaks immediately after the fire, but rapid recoveries, starting within six months after the fire and reaching 
stable pre-fire levels two years after. Loss of water content after the fire showed slightly higher resistance but 
slower and more gradual recoveries than primary production. On the other hand, albedo exhibited varying levels 
of resistance and recovery, with post-fire breaks often followed by increases to levels above pre-fire within the 
first two years, but sometimes with effects that persisted for many years. Finally, wildfire effects on sensible heat 
were generally more transient, with effects starting to dissipate after one year and overall rapid recoveries. Our 
approach was able to successfully depict key features of post-fire processes of ecosystem functioning at different 
timeframes. The added value of our multi-indicator approach for analyzing ecosystem resilience to wildfires was 
highlighted by the independence and complementarity among the proposed indicators targeting four dimensions 
of ecosystem functioning. We argue that such approaches can provide an enhanced characterization of ecosystem 
resilience to disturbances, ultimately upholding promising implications for post-fire ecosystem management and 
targeting different dimensions of ecosystem functioning.   

1. Introduction 

Wildfire disturbances are projected to increase in both intensity and 

frequency in the future, exacerbated by shifts in global climate (Bowman 
et al., 2009; Kitzberger et al., 2017), as well as in land use and forest 
management (Tedim et al., 2013). Such disturbances can profoundly 
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impact many aspects of the structure, composition, and functioning of 
ecosystems, despite being regarded as an integral part of their natural 
dynamics in several biomes (Adámek et al., 2016; San-Miguel-Ayanz 
et al., 2013). Furthermore, wildfires can decrease ecosystems' resistance 
to external disturbances and self-repairing capacity, eroding their 
resilience (Folke et al., 2004; Johnstone et al., 2010; Scheffer et al., 
2015). Thorough assessments of the consequences of wildfire distur-
bances on ecosystems, as well as their responses and resilience to those 
disturbances, are thus needed to bridge gaps between science, policy, 
and management (Baho et al., 2017; Gouveia et al., 2010; van Leeuwen 
et al., 2010). 

In this regard, several measures based on concepts related to 
ecosystem stability — such as “resilience”, “resistance”, and “recovery” 
— have been increasingly used to characterize both the effects of and the 
responses to wildfire disturbances in ecosystems. Traditionally, “resil-
ience” was often quantified by measuring the speed at which an 
ecosystem returns to the original equilibrium, after disturbance (Meng 
et al., 2021). This measure concentrates on stability near that equilib-
rium, which is connected to the concept of “engineering resilience”. This 
notion of resilience assumes that only one stable state exists, focusing on 
maintaining functioning efficiency (Holling, 1996, 1973). 

However, as the use of the term “resilience” in the context of wild-
fires has increased in both research and management documents (Selles 
and Rissman, 2020), our understanding of resilience has been continu-
ously advancing, which led to this notion being gradually replaced by 
the broader concept of “ecological resilience” (Elmqvist et al., 2003; 
Falk et al., 2022; Fan et al., 2021; Millar et al., 2007). This updated view 
of resilience explicitly recognizes the possibility of disturbances trig-
gering sudden regime shifts when critical thresholds (or “tipping 
points”) are exceeded (Scheffer et al., 2009, 2012), leading to alternative 
stable states (Boettiger et al., 2013; Scheffer and Carpenter, 2003). 
Ecosystems may thus endure critical transitions leading to their recon-
figuration from one dynamic equilibrium state (i.e., the basin of 
attraction near which they tend to fluctuate; Scheffer et al., 2009) to an 
alternative contrasting stable state (e.g., Dwomoh and Wimberly, 2017; 
Hirota et al., 2011), mediated through adaptive capacity (Andersen 
et al., 2009). Ecological resilience can hence be regarded as the property 
mediating the transition among multiple stable states (Coop et al., 2020; 
Gunderson, 2000). Furthermore, ecological resilience focuses on main-
taining functioning existence — rather than its efficiency (Holling, 
1973, 1996). In a hierarchical perspective of resilience, engineering 
resilience can thus be associated with a higher level of persistence than 
ecological resilience (Delettre, 2021). Nonetheless, both “engineering 
resilience” and “ecological resilience” can be regarded as two different 
but complementary perspectives (Ingrisch and Bahn, 2018) — corre-
sponding to two different types — of ecosystem resilience (Delettre, 
2021). 

In recent years, ecosystem resilience has been considered in two 
independent components — “resistance” and “recovery” (Coop et al., 
2020; Falk, 2017; Falk et al., 2022; Fan et al., 2021; Millar et al., 2007). 
The concept of “resistance” expresses the ability of ecosystems to 
withstand environmental disturbances (De Keersmaecker et al., 2015) 
and is related to an instantaneous impact of exogenous disturbance on 
the ecosystem state (Hodgson et al., 2015). Resistance to wildfire dis-
turbances can thus be measured by the magnitude of ecosystem changes 
following those disturbances (Meng et al., 2021), which can also 
correspond to a definition of burn severity (De Keersmaecker et al., 
2015). On the other hand, “recovery” captures the endogenous processes 
that pull the disturbed system back towards equilibrium (Hodgson et al., 
2015). Recovery can be measured by the duration of the period from a 
disturbed to a stable state (i.e., return time, as in the classical definition 
of resilience; Hodgson et al., 2015), even if this stable state does not fully 
correspond to pre-fire conditions. As regime shifts and critical transi-
tions imply changes in ecosystem functions and services — with sub-
sequent impacts on human societies (Folke et al., 2004). The ability to 
assess ecosystem state and resilience is thus critical for effective resource 

exploitation and ecosystem management (North et al., 2019; Meng et al., 
2021). 

Within the alterations induced by wildfires on the different compo-
nents of ecosystems — i.e., structure, composition, and functioning —, 
functional attributes are of particular interest, because of their quick 
responses to disturbances than structural or compositional ones, and 
their more direct connections to ecosystem services (Alcaraz-Segura 
et al., 2008). Indeed, fire can cause rapid modifications in multiple di-
mensions of matter and energy flows in ecosystems (Falk et al., 2019; 
Marcos et al., 2021; Petropoulos et al., 2009). For instance, wildfires 
play an important role in the terrestrial biosphere carbon cycle (Wei 
et al., 2018), such as in biomass (Pellegrini et al., 2018; Sparks et al., 
2018), and primary production (Leys et al., 2016). Furthermore, water 
supply and quality (Carvalho-Santos et al., 2019; Santos et al., 2015; 
Smith et al., 2011), as well as soil moisture and vegetation water content 
(Ebel and Martin, 2017; McGuire and Youberg, 2019; Senf and Seidl, 
2020), can also be directly or indirectly affected by wildfire distur-
bances. Moreover, different aspects of energy balances, such as albedo 
(e.g., French et al., 2016; Gatebe et al., 2014; Quintano et al., 2019; Saha 
et al., 2017), latent heat (e.g., Sun et al., 2019), and sensible heat (e.g., 
Liu et al., 2018a; Maffei et al., 2018) can also suffer profound alterations 
induced by wildfires. Nonetheless, few studies have addressed wildfire 
effects on multiple dimensions of ecosystem functioning (however, see 
Marcos et al., 2021). Indeed, since both wildfire disturbances and 
resilience are multi-dimensional (Donohue et al., 2013, 2016), and post- 
fire trajectories of each dimension of ecosystem functioning are different 
(Ryu et al., 2018), more comprehensive indicators are still needed to 
understand post-fire processes better. 

Due to lower costs and improved technology for providing up-to-date 
information on the status of ecosystem resources, remote sensing (RS) 
techniques have been increasingly employed to assess and monitor 
different aspects of the post-fire period (Lentile et al., 2006). Specif-
ically, RS data has been used to map burned areas (Chuvieco et al., 2019; 
Giglio et al., 2018; Mouillot et al., 2014; Roy et al., 2019), as well as to 
assess and map both fire and burn severity (Marcos et al., 2021; Swet-
nam et al., 2021; Veraverbeke et al., 2011a). Post-fire recovery char-
acterization has taken advantage of multi-temporal spectral data 
recorded from different space and airborne sensors, such as Landsat 
missions (Hope et al., 2007; van Leeuwen et al., 2010; Veraverbeke 
et al., 2012a; Viana-Soto et al., 2020), SPOT-Vegetation (Bastos et al., 
2011; Gouveia et al., 2010), Terra/Aqua Moderate Resolution Imaging 
Spectroradiometer (MODIS) sensors (Caccamo et al., 2015; Hope et al., 
2012; João et al., 2018), and multi-spectral cameras onboard Unoccu-
pied Aircraft Systems (UAS; Samiappan et al., 2019). Furthermore, the 
utility of RS to evaluate resilience to wildfire disturbances has received 
increased attention, although mostly focusing on the “engineering 
resilience” paradigm (e.g., Bisson et al., 2008; Cui et al., 2013; Di Mauro 
et al., 2014; Díaz-Delgado et al., 2002; Dwomoh and Wimberly, 2017; 
Fernandez-Manso et al., 2016; Harris et al., 2014; Prodon and Diaz- 
Delgado, 2021; Spasojevic et al., 2016; Staal et al., 2018). On the 
other hand, indicators derived from satellite image time-series (SITS) 
can provide information on the dynamics of multiple dimensions of 
ecosystem functioning, thus enabling in-depth and integrative charac-
terizations of ecosystem resilience to wildfires (João et al., 2018; Marcos 
et al., 2019). Notwithstanding, ecosystem functioning is largely not 
considered in most post-fire resilience assessments based on RS data 
(Frazier et al., 2013). The ability to assess and map the spatially and 
temporally heterogeneous effects of wildfire disturbances on ecosystem 
functioning and the responses and resilience of ecosystems to those 
disturbances makes RS data a major asset for risk assessment and 
governance, and also for post-fire restoration and management (Keeley, 
2009; Parks et al., 2019; Smith et al., 2014; Tedim et al., 2013). 

In this study, we propose a satellite-based approach for an enhanced 
assessment of ecosystem resilience following wildfire disturbances, on 
four key dimensions of ecosystem functioning related to the carbon, 
water, and energy exchanges: (i) vegetation primary production; (ii) 
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vegetation and soil water content; (iii) land surface albedo; and (iv) land 
surface sensible heat. To do so, we used several SITS extracted from 
MODIS data, as surrogates for those four dimensions of ecosystem 
functioning. We then illustrate how four metrics describing the short-, 
medium-, and long-term features of post-fire trajectories of those SITS 
can characterize different aspects related to both resistance (i.e., fire 
severity) and recovery for the four key and complementary dimensions 
of ecosystem functioning analyzed. Finally, we discuss the potential and 
added value of the proposed approach to improve satellite-based char-
acterization of ecosystem resilience to wildfire disturbances over mul-
tiple dimensions of ecosystem functioning. 

2. Methods 

2.1. Study area 

To illustrate our approach, we analyzed all areas burned in 2005, in 
the northwest Iberian Peninsula (NW-IP; Fig. 1). This area has one of the 
highest densities of ignitions among southern European countries, and 
one of the highest annual values of burned area in Europe (Catry et al., 
2009), despite the enormous investments in fire suppression (Moreira 
et al., 2020). The year 2005 was particularly devastating in NW-IP, with 
over 340,000 ha burned (almost 4% of the study area), coinciding with 
severe drought (Bastos et al., 2011). This focal year was also chosen for 
the availability of SITS for more than a decade following the fire 
occurrences. 

The NW-IP features diverse environmental characteristics, with 
strong environmental gradients, and a major biogeographic transition, 
from the Atlantic climate with temperate mixed and deciduous broad-
leaf forests in the north and west to the Mediterranean climate with 
evergreen sclerophyllous vegetation towards the southeast. Major land 
cover classes include shrublands in different successional stages, and 
plantation forests such as eucalypts, maritime pine, and mixed stands. 
Increasing fuel load and continuity, along with historical use of fire for 
agrosilvopastoral purposes, and extensive abandonment of farming and 
husbandry, have turned this area into a highly fire-prone landscape, and 
a hotspot in terms of wildfire occurrences, within the European context, 
in the last decades. 

2.2. Satellite data preprocessing 

To characterize ecosystem resilience to wildfire disturbances, we 
propose the use of indicators that inform on essential aspects of post-fire 
processes, extracted from the post-fire trajectories of satellite image 
time-series (SITS). To that end, SITS of the three Tasseled Cap Trans-
formation (TCT) features of “Greenness” (TCTG), “Wetness” (TCTW), 
and “Brightness” (TCTB), as well as land surface temperature (LST), 
were used. These SITS were extracted from data products from the 
Moderate Resolution Imaging Spectroradiometer (MODIS) onboard the 
Terra satellite, for the years ranging from 2000 to 2018. Despite its 
relatively coarse spatial resolutions, both MODIS' archive length and its 
high temporal resolutions translate into a high potential to derive 

Fig. 1. The study area within the geographical context of the northwest Iberian Peninsula (top left); and the month of occurrence for burned patches resulting from 
wildfire events in the study area in 2005 (right, with the legend in the bottom left; extracted from the MODIS MCD64A1 “Burned Areas” product). Areas labeled “A” 
and “B” were used to illustrate the obtained results at local scales. 
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precise temporal estimations in the short, medium, and long terms. 
The three TCT features are sensor-specific linear combinations of 

bands in the visible, near-infrared, and short-wave infrared regions of 
the electromagnetic spectrum (Lobser and Cohen, 2007). To compute 
these TCT features, principal component axes derived from a global 
sample are rotated to maximize the association of each axis with bio-
physical parameters such as the amount of photosynthetically active 
vegetation (“Greenness”), vegetation water content, and soil moisture 
(“Wetness”), and albedo (“Brightness”), respectively (Mildrexler et al., 
2009). These variables, in turn, can be used as proxies for primary 
production, water content, and albedo, respectively (Marcos et al., 
2021). We computed these TCT features for our study area by combining 
the seven bands available within the Terra Surface Reflectance product 
(MOD09A1; 8-Day L3 Global 500 m, Collection 6; Vermote, 2015), using 
the “rasterio” Python package (Gillies et al., 2013), with the coefficients 
used in previous work (Marcos et al., 2019, 2021; originally from Lobser 
and Cohen, 2007). 

The LST is a calibrated measure of the thermal emissivity of the land 
surface (Duan et al., 2019), and therefore is a well-known proxy of 
sensible heat. The day LST from the Terra Land Surface Temperature/ 
Emissivity product (MOD11A2; 8-Day L3 Global 1000 m, Collection 6; 
Wan et al., 2015) was rescaled to degrees Celsius, using the “rasterio” 
Python package (Gillies et al., 2013). Finally, to correct spurious values 
in SITS of LST and the three TCT features, a pixel-wise filtering pro-
cedure based on the Hampel identifier (Hampel, 1971, 1974) was 
implemented and applied within the R statistical programming envi-
ronment (R Core Team, 2021). 

Together, the four RS-based surrogates used — TCTG, TCTW, TCTB, 
and LST — can inform on the four key aspects of matter and energy flows 
in ecosystems (i.e., ecosystem functioning): primary production, water 
content, surface albedo, and sensible heat, respectively, and have been 
successfully used in prior studies involving fire-related applications (e. 
g., Bowman et al., 2015; Coops et al., 2008; Marcos et al., 2019, 2021; 
Quintano et al., 2015; San-Miguel-Ayanz et al., 2013). 

To identify areas that burned in 2005, within the study area, with a 
contiguous area above 100 ha (i.e., “big fires”), we used the Terra+Aqua 
Burned Area product (MCD64A1; monthly L3 Global 500 m, Collection 
6; Giglio et al., 2018), following the procedures described in previous 
works (see Marcos et al., 2019). 

Data processing and analysis tasks were generally undertaken within 
the R statistical programming environment, using mainly the “raster” 
package (Hijmans, 2020). All three MODIS products covering the study 
area (i.e., MODIS tile h17v04) were initially downloaded and repro-
jected to the WGS84/UTM29N coordinate system using the “MODIStsp” 
R package (Busetto and Ranghetti, 2016). 

2.3. Time-series decomposition and normalization 

Meaningful post-fire resilience metrics can be extracted from SITS, 
provided that seasonal variations (i.e., fluctuations in the data with a 
fixed and known frequency) are first separated from long-term changes 
due to wildfire disturbances. To that end, we used the “Seasonal and 
Trend decomposition using Loess” (STL) algorithm for time-series ad-
ditive decomposition. STL is a robust and versatile method that uses the 
loess smoother to extract the seasonal, trend, and remainder compo-
nents of a time-series (Cleveland et al., 1990), as described by the 
following expression: 

yt = St + Tt +Rt (1)  

where yt is the original time series St is the seasonal component, Tt is the 
trend component, and Rt is the remainder component, all at period t and 
with the same units. 

In our approach, we applied STL decomposition to obtain seasonally 
adjusted time-series — corresponding to the original time-series with 
the seasonal component removed —, to establish pre-fire reference 

conditions, since it is considered useful for estimating both non-seasonal 
variability and central tendencies, and can include noise and other non- 
seasonal, non-cyclic fluctuations — such as abrupt shifts related to 
distinct disturbances (Hyndman and Athanasopoulos, 2018). Addition-
ally, we used the trend component to calculate moving-window me-
dians, which represent incremental steps in the post-fire trajectories and 
aim to support the extraction of metrics of post-fire resilience. This time- 
series component includes both the long-term variation in the data and 
cyclic effects (i.e., fluctuations in the data that are not of a fixed fre-
quency), and is equivalent to removing the remainder component from 
the seasonally adjusted time series. 

Among the STL decomposition procedure parameters, “t.window” 
and “s.window” play a crucial role, since these two parameters control 
how rapidly the trend and seasonal components can change. The “t. 
window” and “s.window” parameters correspond to the span (in lags) of 
the “loess” window for trend and seasonal extraction, respectively, and 
should both be odd numbers, as described in Cleveland et al. (1990). In 
our illustrative test case, we used a value of 47 (i.e., the nearest odd 
number above the number of observations in each year, in MODIS 
products with 8-day temporal resolution) for both the “t.window” and 
“s.window” parameters. This value seemed to correspond to a compro-
mise that allowed to capture a wide range of effects in the short (i.e., less 
than one year), medium (i.e., up to three years), and long terms (i.e., 
above three years), for post-fire analysis. The width of the moving 
windows was also fixed to the same value as “t.window” and “s.window” 
(i.e., 47) since it corresponds to approximately one year of observations. 
Additionally, we opted for using robust fitting (i.e., “robust” parameter 
= TRUE) to reduce the effect of occasional unusual observations on the 
trend and seasonal components. All the remaining parameters of the STL 
procedure were fixed at their respective default values. 

Finally, we defined the pre-fire reference intervals (see Fig. 2) to be 
within one median absolute deviation from the median (i.e., median ±
1 M.A.D.), using all values of the seasonally-adjusted time-series within 
three years before the date of the fire occurrence, to reduce the impact of 
extreme values. 

2.4. Extraction of metrics from post-fire trajectories 

To support the assessment and characterization of key features of 
both resistance and recovery of ecosystem functioning to wildfire dis-
turbances, we derived several metrics from satellite-based post-fire 
trajectories from the decomposed time series. 

Firstly, for the extraction of metrics of post-fire short-term effects, 
the date of the first directionality inflection in the trend component 
curve, tINF, after the date of the wildfire occurrence (tFIRE) was deter-
mined, for each pixel and across each of the four dimensions of 
ecosystem functioning. By representing the first major change of direc-
tionality — from divergent to convergent with the pre-fire conditions —, 
this moment in the post-fire period can be regarded as an approximation 
to the date of the start of recovery. The duration of the period between 
tFIRE and tINF — called “Directionality Inflection Time” (DIT) — can thus 
be linked to short-term recovery speed. Additionally, this metric is also 
related to ecosystem resistance to wildfire disturbances, since it esti-
mates the duration of the period in which a particular dimension of 
ecosystem functioning is under disturbance. 

The “S95” metric is defined as the difference between the pre-fire 
median and the 95% percentile of the seasonally adjusted time-series 
values within the first moving window immediately after a fire. As an 
estimate of the near-maximum short-term impact of the wildfire 
disturbance on the corresponding dimension of ecosystem functioning, 
this metric can be used as a measure of wildfire disturbance severity, as 
well as to indicate the level of ecosystem resistance to those disturbances 
(De Keersmaecker et al., 2015; Meng et al., 2021). 

Next, to portray the medium-to-long term responses of ecosystem 
functioning to wildfire disturbances, we propose two related but inde-
pendent “return time”-type metrics extracted from post-fire trajectories. 
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To this end, the “Return-to-Reference” and “Return-to-Equilibrium” 
dates (tREF and tEQ, respectively) have to be determined. The tREF date — 
if successfully found — corresponds to the first moment, after tINF, for 
which both the value of the trend component, as well as its corre-
sponding moving window median, are both within the pre-fire reference 
interval. Both criteria must be met to minimize false detections caused 
by short-term oscillations. The duration of the period between tFIRE and 
tREF — called “Return-to-Reference Time” (RRT) — provides an estimate 
of the amount of time needed to achieve the pre-fire conditions once 
again (when applicable). This can be regarded as a medium-to-long term 
recovery speed metric that aligns with the concept of “engineering 
resilience” (Holling, 1996). 

Finally, the tEQ date — if successfully found — corresponds to the 
first of at least two consecutive moving window medians (after tINF) that 
exhibit relative change rates below a predefined threshold — in the case 
of our illustrative test case, we used 5% as a fixed threshold in all cases, 
but other values could be used instead. From this date, the “Return-to- 
Equilibrium Time” (RET) metric — calculated as the duration of the 
period between tFIRE and tEQ — approximates the amount of time needed 
to achieve a stable state after a fire, which is a measure of long-term 
recovery speed. As this stable state can differ (although not neces-
sarily) from pre-fire conditions, the RET metric can be regarded as being 
more in line with the concept of “ecological resilience” (Holling, 1996). 

The full procedure to extract the aforementioned metrics from post- 
fire trajectories is illustrated in Fig. 2. 

Using the 16 indicators resulting from applying those four metrics — 
S95, DIT, RRT, and RET —, to the four key and complementary di-
mensions of ecosystem functioning analyzed, we characterized all post- 
fire trajectories until 2018, for wildfires occurring in 2005 in the study 
area, in terms of ecosystem resistance and recovery to those distur-
bances. We then inter-compared the distributions of the 16 indicators (i. 
e., four metrics for each of four dimensions), and calculated pairwise 
Spearman rank correlations, to assess potential collinearity among in-
dicators, using all complete pairwise observations. 

3. Results 

3.1. General patterns 

The distributions of the four MODIS-derived metrics used to char-
acterize the post-fire trajectories in our study area (i.e., S95, DIT, RRT, 
and RET), for each of the four aspects of ecosystem functioning 
considered — i.e., vegetation primary production (TCTG), vegetation 
and soil water content (TCTW), land surface albedo (TCTB), and land 
surface sensible heat (LST), are shown in Fig. 3. 

The distributions obtained for the S95 metric of wildfire severity 
(Fig. 3a) showed the overall directionality of the short-term effects of 
wildfires, for each of the satellite-derived proxies of the four dimensions 
of ecosystem functioning. Namely, TCTG and TCTW decreased imme-
diately after a fire, while LST increased. On the other hand, TCTB 
exhibited a well-marked multi-modal distribution, with one group cor-
responding to decreased values, whereas the other corresponded to 
increased values. 

The distributions of the DIT metric of short-term recovery (Fig. 3b) 
obtained for TCTG, TCTW, and LST were mainly concentrated within the 
two first years after a fire, with lower values for TCTG, followed by 
TCTW and LST. As the DIT metric for TCTB, values were much more 
dispersed than the other dimensions, with low and high values within 
the first year and after two years following the fire. 

The RRT metric of medium-to-long term recovery (Fig. 3c) had more 
tightly concentrated (i.e., less dispersed) distributions for TCTG and LST 
but more dispersed for TCTB and TCTW. Furthermore, while TCTB had 
more values concentrated in the first year after the fire than the other 
dimensions, TCTW was the dimension with the overall highest values for 
this metric (e.g., higher than four years after the fire). 

Finally, distributions of the RET metric of long-term recovery 
(Fig. 3d) were more dispersed than for RRT. Overall, RET was higher for 
TCTG, followed by TCTW, and then TCTB. On the other hand, RET 
values of LST were generally the lowest. 

As an example of the abovementioned regional-scale general 

Fig. 2. Illustration of the satellite-derived metrics of ecosystem resilience used in this study, extracted from a generic representation of a post-fire trajectory. The 
“S95” metric measures the difference between the 95% quantile immediately after the fire and the pre-fire reference value, providing an estimate of wildfire severity 
related to ecosystem resistance. The “DIT”, “RRT”, and “RET” metrics measure the amount of time between the date of the fire occurrence (tFIRE) and the dates of 
post-fire directionality inflection (tINF), return-to-reference (tREF), and return-to-equilibrium (tEQ), respectively. These metrics provide estimates of post-fire recovery 
speed in the short term (i.e., the start of recovery), and in the medium-to-long term (for both “engineering resilience” and “ecological resilience”). 
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patterns, both the spatial patterns (Fig. 4) and the overall multidimen-
sional diagnostics (Fig. 5) obtained for the sixteen indicators used are 
shown for two local-scale specific burned areas. 

3.2. Indicator inter-comparison 

To show the independence among indicators, the Spearman rank 
correlations (ρ) between each pair of 16 indicators are presented in 
Table 1. The correlations obtained were overall low to moderate (i.e., | ρ 
| ≤ 0.50), except for six pairs of indicators. Three of those moderate to 
high correlations were obtained for the pair RRT vs. RET, for LST (ρ =
0.84), TCTB (ρ = 0.72), and TCTW (ρ = 0.57), with 100% of the pairwise 
observations with valid values (i.e., n = 13,751; see Table S1 in Sup-
plementary Material). The remaining three correlation values above | ρ 
| = 0.50 were obtained for the pairs S95 vs. DIT (ρ = − 0.65), S95 vs. RRT 
(ρ = 0.68), and DIT vs. RRT (ρ = 0.79), all for TCTB. In the case of these 
last three pairs, the respective correlation values were calculated using 
only 62% of the total observations (i.e., n = 8529; see Table S1 in 
Supplementary Material). For the remainder observations (n = 5222), 
either tREF or tEQ (or both) were not detected, corresponding to pixels in 
which at least one of the following situations apply: (i) the values of the 

trend component did not cross the pre-fire reference interval until the 
end of the analyzed period – corresponding to a range between 2% of the 
pixels (LST) and 24% of the pixels (TCTB); and (ii) a relative change 
between consecutive moving windows below the predefined threshold 
was never achieved until the end of the analyzed period (for up to 2% of 
the cases for TCTB). Finally, it should also be noted that all the six values 
considered moderately to highly correlated were found for pairs in 
which both indicators belonged to the same ecosystem functioning 
dimension. 

4. Discussion 

4.1. Multidimensional patterns of post-fire resilience in NW Iberian 
Peninsula 

4.1.1. Vegetation primary production 
Overall, post-fire trajectories of TCTG in NW-IP exhibited the typical 

pattern observed in temporal profiles of remotely-sensed vegetation 
indices (e.g., García-Llamas et al., 2019; Veraverbeke et al., 2011b). 
Abrupt breaks (translated by the obtained values for the S95 metric) 
resulting from the sudden removal of green vegetation caused by 

Fig. 3. Distributions (represented in combined box-violin plots) of the four MODIS-derived metrics, for all areas burned in 2005 (identified by the MODIS burned 
area product), in NW Iberian Peninsula, for each of the proxies of the four dimensions of ecosystem functioning: TCTG — Tasseled Cap Greenness for vegetation 
primary production, TCTW — Tasseled Cap Wetness for vegetation and soil water content, TCTB — Tasseled Cap Brightness for land surface albedo, and LST — Land 
Surface Temperature for land surface sensible heat. The metrics are the following: (a) the “95%-severity” (“S95”) wildfire severity/resistance metric; (b) the 
“Directionality Inflection Time” (“DIT”) metric of short-term recovery speed; (c) the “Return-to-Reference Time” (“RRT”) metric of medium-to-long term recovery; 
and (d) the “Return-to-Equilibrium” (“RET”) metric of long-term recovery. 
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wildfire disturbances were followed by relatively steep recoveries, 
usually starting in the first six months after the fire (as suggested by the 
distribution of the DIT metric — see Fig. 3b). 

The sudden vegetation removal that follows wildfires corresponds, in 
the short term, to a cessation of ecosystem carbon uptake induced by the 
shutdown, death, and shedding — besides the actual combustion — of 
leaves within the canopy (Beringer et al., 2003), leading to substantial 
losses in primary production and biomass (Leys et al., 2016; Pellegrini 
et al., 2018; Sparks et al., 2018). Furthermore, early post-fire responses 
are — as found in previous works (e.g., João et al., 2018) —, highly 
dependent on suitable abiotic conditions such as post-fire climate (e.g., 
precipitation, temperature), as well as biotic factors. These biotic factors 
are usually related to vegetation composition, such as the relative 
abundance of seeders and resprouters (Arnan et al., 2007; Day et al., 
2020; Parra and Moreno, 2018; Prior and Bowman, 2020; Tiribelli et al., 
2018), and is mediated by fire characteristics of the fire regime, such as 
severity and frequency (Díaz-Delgado et al., 2002), and their spatial 
heterogeneity (Kolden et al., 2012; Meddens et al., 2018). 

In the medium-to-long term, the distributions obtained for the RRT 
and RET metrics for TCTG suggest that pre-fire reference levels were 
usually reached within the first two years following the fire. After this 
period, the response speed gradually decreased into eventual stabiliza-
tion in the subsequent years, which is in line with previous studies for 
this region (Bastos et al., 2011; Gouveia et al., 2010; João et al., 2018). 
Moreover, these patterns may be influenced mainly by fire severity and 
vegetation composition (Day et al., 2020; Díaz-Delgado et al., 2002; 
Meng et al., 2018; Tiribelli et al., 2018; van Leeuwen et al., 2010). In 
some cases, studies have shown that fire can even induce the regener-
ation of several species and contribute to replacing older, drier, and 

unhealthier individuals with more productive saplings (Oliveira et al., 
2012; Semeraro et al., 2019). However, the effect of species traits and 
interannual variations in climate tend to be averaged out, eventually 
reducing the differences between vegetation types in the long term 
(Johnstone et al., 2010). 

4.1.2. Vegetation and soil water content 
Compared to TCTG, TCTW exhibited temporally more delayed ef-

fects in post-fire trajectories in NW-IP (translated by the DIT metric), as 
were previously reported (e.g., Marcos et al., 2021). These patterns can 
be associated with the following major effects, which can persist for up 
to one year after the fire: (i) changes in vegetation structure (Hansen 
et al., 2001; Nguyen et al., 2018); (ii) increased quantities of impervious 
materials such as ashes, char, and soot (Bodí et al., 2014; Ramanathan 
and Carmichael, 2008), which lead to decreased water retention ca-
pacity and increased soil water repellency, post-fire runoff, and erosion 
rates (Hubbert et al., 2012; MacDonald and Huffman, 2004); and (iii) 
loss of foliar moisture leading to increased vegetation mortality (Lobser 
and Cohen, 2007; Senf and Seidl, 2020; Viana-Soto et al., 2020), due to 
fire-related damage leading to leaf shut down (Beringer et al., 2003; Senf 
and Seidl, 2020). 

In the medium-to-long term, TCTW generally recovered following: 
(i) the increase in canopy structural complexity associated with vege-
tation regeneration (Nguyen et al., 2018); and (ii) the decrease in con-
centrations of impervious soil materials. The distributions of RRT and 
RET for NW-IP suggest that post-fire recovery of water content was 
slower and more gradual than that of primary production. While this is 
in line with some studies (e.g., Viana-Soto et al., 2020), the opposite 
relationship has also been observed, although using different spectral 

Fig. 4. Example of spatialized post-fire trajectory-based metrics of resilience proposed in this study, for two different burned areas — one on the left (a, c), and the 
other on the right (b, d). For each of the satellite-derived proxies of the four dimensions of ecosystem functioning: TCTG — Tasseled Cap Greenness for vegetation 
primary production, TCTW — Tasseled Cap Wetness for vegetation and soil water content, TCTB — Tasseled Cap Brightness for land surface albedo, and LST — Land 
Surface Temperature for land surface sensible heat, the following metrics are presented: (a, b) the “95%-severity” (“S95”) wildfire severity/resistance metric; and (c, 
d) the three metrics of post-fire recovery at short, medium, and long terms, respectively – “Directionality Inflection Time” (“DIT”; top row), “Return-to-Reference 
Time” (“RRT”; middle row), and “Return-to-Equilibrium” (“RET”; bottom row). Note that all legend intervals are both left open and right closed, as denoted by “(” 
and “]”, respectively. 
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indices (e.g., Ryu et al., 2018). Furthermore, differences in post-fire 
water content may be associated with decreased moisture retention 
ability of vegetation and soils, increased fuel flammability and fire risk 
(Pausas and Paula, 2012), and lower resilience capacity, especially when 
associated with post-fire drought conditions (Liu et al., 2021). 

4.1.3. Land surface albedo 
Overall, post-fire trajectories of TCTB exhibited dual directionality of 

the effects of the 2005 wildfire disturbances in NW-IP (as captured by 
the distributions of the S95 and DIT metrics) in albedo, which is 
coherent with previously reported findings (e.g., Marcos et al., 2021; 
Quintano et al., 2019; Ramanathan and Carmichael, 2008). These pat-
terns can be explained mainly through post-fire changes in the relative 
abundance of land surfaces with distinct reflective properties (Lentile 
et al., 2006). More specifically, TCTB tends to decrease immediately 

after a fire, leading to a “darkening” effect due to an increased con-
centration of black carbon in soot and char, which absorbs visible solar 
radiation (Ramanathan and Carmichael, 2008). This effect tends to 
dissipate before significant vegetation regeneration, leading to a tem-
porary “brightening” effect one to two years after fire (Quintano et al., 
2019; Saha et al., 2019). 

Our results suggest that the inflection point (tINF) corresponding to 
only one of the two effects — either “darkening” or “brightening”, but 
not both —, was detected. This implies that the RRT metric for TCTB 
captured the rate at which either: (i) pre-fire reference levels were 
reached (or crossed), corresponding to decreasing concentrations of char 
and soot, before eventually approaching “brightening”; or (ii) the tran-
sition from the “brightening” effect to pre-fire reference levels was 
completed, suggesting the corresponding regeneration of vegetation. On 
the other hand, both “darkening” and “brightening” effects can some-
times persist for many years after the fire — as shown by the distribution 
of the RET metric for TCTB —, which can translate into a potential 
depletion of the ecosystem resilience capacity, previously observed in 
other studies (e.g., Gatebe et al., 2014; Saha et al., 2017). 

4.1.4. Land surface sensible heat 
Compared to the previous three dimensions of ecosystem functioning 

analyzed, wildfire disturbances seemed to have more transient effects on 
sensible heat (as captured by all four metrics used), which was previ-
ously reported in other studies (Marcos et al., 2018; Quintano et al., 
2015; Zheng et al., 2016). 

Increases in LST immediately following the fire (captured by the S95 
metric) are usually direct consequences of vegetation removal, which 
leads to increases in the ratio of sensible-to-latent heat (Vlassova et al., 
2014) due to a reduction in evapotranspiration (Beringer et al., 2003; 
Liu et al., 2018b). This effect tends to start dissipating around one year 
after fire (Liu et al., 2019), as was shown by the distribution of the DIT 
metric extracted from LST for NW-IP. Furthermore, LST tends to recover 
to pre-fire levels after one to two years following the fire (Veraverbeke 
et al., 2012b), which was translated by the distributions of the RRT and 
RET metrics. 

Overall, our results suggest that sensible heat was highly resilient to 
the 2005 wildfire disturbances in NW-IP, since values of LST mostly 
either had their post-fire inflection points detected within the pre-fire 
reference interval — i.e., severity was low —, or they rapidly returned 
to pre-fire levels. 

4.2. General considerations and future pathways 

4.2.1. Multi-indicator approach 
Our approach comprises four dimensions of ecosystem functioning 

and two components of resilience. Althogether, the four satellite-based 
metrics extracted from post-fire trajectories proposed in this study — 
i.e., S95, DIT, RRT, and RET — aimed to capture key aspects of post-fire 
trajectories in the short, medium, and long terms for each of the four 
dimensions of ecosystem functioning of primary production, vegetation 
water content and surface soil moisture, albedo, and sensible heat. 
Correlations between the resulting sixteen indicators (i.e., four metrics 
extracted for each of the four dimensions) were mainly low to moderate, 
suggesting a high degree of complementarity — rather than redundancy 
— among all indicators, even if a small degree of correlation between 
few different indicators was to be expected. 

Other approaches have previously combined information extracted 
from satellite imagery corresponding to multiple dimensions of 
ecosystem functioning. For instance, the MODIS Global Disturbance 
Index (MGDI; Mildrexler et al., 2009) takes advantage of the contrasting 
post-disturbance trajectories of LST and the Enhanced Vegetation Index 
(EVI) to detect disturbances such as wildfires. On the other hand, 
combinations of Tasseled Cap “Brightness”, “Greenness”, and “Wetness” 
into synthetic disturbance indices (DI) have previously been used to map 
disturbances including wildfires (e.g., Healey et al., 2005). However, in 

Fig. 5. Example of a representation of the overall multidimensional diagnostics 
based on the metrics of resilience proposed in this study for two different 
burned areas (A and B in Fig. 1). For each of the satellite-derived satellite- 
derived proxies of the four dimensions of ecosystem functioning: TCTG — 
Tasseled Cap Greenness for vegetation primary production, TCTW — Tasseled 
Cap Wetness for vegetation and soil water content, TCTB — Tasseled Cap 
Brightness for land surface albedo, and LST — Land Surface Temperature for 
land surface sensible heat, the following metrics are presented: (i) the “95%- 
severity” (“S95”) wildfire severity/resistance metric; and the three metrics of 
post-fire recovery at short, medium, and long terms, respectively – (ii) 
“Directionality Inflection Time” (“DIT”); (iii) “Return-to-Reference Time” 
(“RRT”); and (iv) “Return-to-Equilibrium” (“RET”). In each panel, big dots 
connected by solid black lines represent the median values of each metric for 
that particular burned area; dashed black lines connect the 2.5% and 97.5% 
percentiles of the distribution of each metric across all pixels for that particular 
burned area, and dotted gray lines delimiting shaded areas connect the overall 
minimum and maximum values of the distribution of each metric for all areas 
burned in 2005 in the northwestern Iberian Peninsula. In these plots, higher 
values correspond to lower resistance (S95) or recovery rates at short (DIT), 
medium-to-long (RRT), and long (RET) terms. 
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contrast with disturbance indices such as the MGDI and the Tasseled 
Cap-based DI, our approach is characterized by: (i) allowing and facil-
itating analyses of the inherently multidimensional post-fire processes, 
without the inevitable information losses resulting from combining 
multiple satellite-based proxies into a single synthetic index; and (ii) 
better translating satellite-observations into ecologically more mean-
ingful indicators of post-fire effects and responses, based on ecosystem 
functioning, towards increased operational and interpretable outputs. 

For these reasons, we argue that the metrics proposed in this study 
are able to provide a relatively compact but comprehensive set of in-
dicators to describe the complex patterns associated with post-fire ef-
fects on ecosystem functioning, as well as with ecosystems' responses to 
such disturbances. Nevertheless, a subset of the indicators proposed in 
this study can potentially be used in situations in which only a partial 
picture of the post-fire period is under focus, or when data availability or 
desired quality is limited — e.g., if only the short-term effects (i.e., 
severity) of wildfires on primary production are of interest. 

4.2.2. Alternative data sources 
Other sources of SITS — in addition to MODIS (e.g., Sentinel, 

Landsat) — can be used when applying the approach proposed in the 
present study. However, it should be noted that, depending on the 
specific goals, the length of the available image archives and the tem-
poral resolution of the observations can be limiting factors — e.g., for 
establishing pre-fire reference periods, or to evaluate post-fire trajec-
tories in longer timeframes. Indeed, because of known trade-offs be-
tween satellite-imagery characteristics such as spatial resolution (i.e., 
pixel size) and temporal frequency (i.e., the time between consecutive 
images), we argue that MODIS imagery currently still fits the purposes of 
our proposed approach well. Despite its moderate-to-coarse spatial 
resolutions (i.e., 250-1000 m), The high temporal resolutions of MODIS 
imagery (i.e., up to two daily observations) and a relatively long archive 
(starting in 2000) allow for enhanced temporal estimations of key fea-
tures of post-fire trajectories, in the short, medium, and long terms. 
Although MODIS products will be affected by the drift of the Terra and 
Aqua satellites starting in 2022, other missions such as VIIRS and 
Sentinel-3 with comparable spectral, spatial, and temporal resolutions 
can provide continuity to the time-series used our study. 

Moreover, alternative remotely sensed proxies could be used to 
characterize the four different dimensions of ecosystem functioning — 
such as the Normalized Difference Vegetation Index (NDVI), the 

Normalized Difference Water Index (NDWI), the Normalized Burned 
Ratio (NBR), or even pre-calibrated satellite-based products of albedo or 
soil moisture. However, we argue that SITS of LST and the TCT features 
of “Brightness”, “Greenness”, and “Wetness” — used in our illustrative 
test case — provide information on those four dimensions of ecosystem 
functioning in an efficient and transferable way, since they can be 
computed from a wide range of satellite sensors (e.g., Shi and Xu, 2019). 

Finally, the information provided by SITS can be complemented by 
field-based measurements such as in-field spectral/radiometric read-
ings, and UAV-based aerial surveys, following robust sampling designs. 
Although obtaining these kinds of data can sometimes present chal-
lenges (e.g., high costs or access constraints), it could be crucial for 
validation purposes. Additionally, information such as management and 
restoration operations, or other human activities that may influence 
post-fire ecosystem processes, is usually not easy to obtain remotely. 

4.2.3. General applicability and potential methodological improvements 
In this study, we showcased the added value of the proposed multi- 

indicator approach for obtaining thorough diagnostics of changes in 
ecosystem functioning after wildfire disturbances. Furthermore, our 
results for the NW-IP highlighted the importance considering both 
different timeframes of post-fire trajectories, and different dimensions of 
ecosystem functioning, for characterizing the main patterns of post-fire 
resilience. Moreover, despite our work using the NW-IP, as a specific 
study area for illustration purposes, the proposed generic approach can 
likely be applied to a diverse set of environmental and geographical 
contexts. 

The proposed approach is highly dependent on time-series decom-
position procedures to remove the seasonal variation from post-fire 
trajectories, for the successful extraction of metrics. In this regard, 
different time-series decomposition strategies could be employed to 
support the characterization of overall patterns and trends, including 
break-point detection techniques such as BFAST (Verbesselt et al., 
2010a, 2010b). However, these methods target generic change detection 
through time-series segmentation, rather than specifically character-
izing aspects of post-fire trajectories extracted from multiple SITS with 
diverse features. Furthermore, time-series decomposition procedures 
could be optimized by automating the selection of its parameter values. 
Nevertheless, it is important to note that the proposed approach does not 
address changes in timing or cyclic patterns (e.g., phenology). 

Metrics other than the ones proposed in this study could be extracted 

Table 1 
Pairwise correlations between the indicators analyzed in this study, for complete pairwise observations (maximum n = 13,751), obtained for the four metrics proposed 
in this study, and for each of the satellite-derived proxies of the four dimensions of ecosystem functioning: TCTG — Tasseled Cap Greenness for vegetation primary 
production, TCTW — Tasseled Cap Wetness for vegetation and soil water content, TCTB — Tasseled Cap Brightness for land surface albedo, and LST — Land Surface 
Temperature for land surface sensible heat. The metrics are the following: S95 — “95%-severity” wildfire severity/resistance metric, DIT — “Directionality Inflection 
Time” metric of short-term recovery, RRT — “Return-to-Reference Time” metric of medium-term recovery, and RET — “Return-to-Equilibrium” metric of long-term 
recovery. Numbers in bold lettering and gray background highlight values of Spearman rank correlation of | ρ | > 0.50.   

TCTG TCTW TCTB LST 

S95 DIT RRT RET S95 DIT RRT RET S95 DIT RRT RET S95 DIT RRT RET 

LST RET 0.26 0.15 0.34 0.15 0.28 − 0.02 0.26 0.26 − 0.00 − 0.08 0.17 0.18 0.00 0.05 0.84 1.00 
RRT 0.27 0.18 0.46 0.18 0.31 0.06 0.35 0.30 − 0.01 − 0.06 0.20 0.18 − 0.44 0.46 1.00  
DIT − 0.01 0.18 0.24 0.15 − 0.02 0.31 0.11 0.04 0.15 − 0.07 − 0.08 − 0.08 0.04 1.00   
S95 − 0.32 − 0.13 − 0.29 − 0.05 − 0.15 0.03 − 0.06 − 0.09 − 0.07 0.10 − 0.09 − 0.17 1.00    

TCTB RET 0.25 0.03 0.25 0.09 0.25 − 0.06 0.28 0.28 − 0.16 0.07 0.72 1.00     
RRT 0.16 0.03 0.26 0.10 0.33 − 0.08 0.39 0.28 ¡0.68 0.79 1.00      
DIT − 0.25 − 0.05 − 0.08 − 0.01 0.09 − 0.05 0.11 0.01 ¡0.65 1.00       
S95 0.28 0.10 0.11 0.02 − 0.28 0.15 − 0.19 − 0.12 1.00        

TCTW RET 0.26 0.12 0.0.33 0.11 0.21 0.06 0.57 1.00         
RRT 0.20 0.11 0.41 0.16 0.29 0.36 1.00          
DIT − 0.13 0.06 0.15 0.13 − 0.10 1.00           
S95 0.34 0.12 0.32 0.13 1.00            

TCTG RET 0.04 0.05 0.33 1.00             
RRT 0.29 0.40 1.00              
DIT 0.15 1.00               
S95 1.00                 
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from post-fire trajectories for even more enhanced descriptions of post- 
fire processes. For instance, the value of the trend component at the 
inflection point could be used as a complementary indicator of fire 
severity — a more conservative one than the “S95” metric —, by 
providing estimates of the maximum impact of the wildfire disturbance 
immediately after a fire. Moreover, the potential of metrics such as 
“DIT”, “RRT” and “RET” as early-warning signals of regime shifts — or 
even imminent ecosystem collapse —, should be further explored, since 
critical slowing down implies decreasing post-fire recovery speeds as a 
system approaches a tipping point (Scheffer et al., 2015; Verbesselt 
et al., 2016). 

Regarding the analysis of post-fire trajectories of albedo, specifically, 
through spectral indices such as TCTB, extracting two separate sets of 
metrics — targeting both “darkening” and “brightening” effects sepa-
rately — could contribute to clarifying the observed post-fire processes 
in this dimension of ecosystem functioning (Marcos et al., 2021; Quin-
tano et al., 2019; Ramanathan and Carmichael, 2008). 

Finally, it must be noted that using the procedures described in the 
present paper, it is possible that, for some post-fire trajectories, no tEQ 
will be found — translating into no stable state being reached — within 
the analyzed period. In our illustrative case, this was observed for a very 
small portion of the post-fire trajectories, with the highest percentage 
being ca. 2%, found for TCTB (i.e., albedo). These types of outcomes, 
which can theoretically translate into incomplete recovery processes, 
may result from at least one of the following factors: (i) additional 
wildfire disturbances further in the time series that may prevent the 
successful detection of the tEQ dates; (ii) seasonal effects may still be 
present in the time-series, after time-series decomposition, due to sub- 
optimal seasonal adjustment since seasonal oscillation patterns can 
change between the pre- and post-fire periods. Additionally, it cannot be 
excluded that post-fire trajectories may sometimes be exhibiting early- 
warning signals of imminent regime shifts or even ecosystem collapse, 
such as “flickering” (i.e., increased variance), which has previously been 
related to potential critical transitions (Dakos et al., 2012). 

5. Conclusions 

In this study, we propose an approach for characterizing the resil-
ience of ecosystem functioning to wildfire disturbances by using in-
dicators of resistance and recovery derived from metrics extracted from 
satellite image time series. These metrics characterize post-fire trajec-
tories in four key dimensions of ecosystem functioning related to the 
carbon, water, and energy exchanges: (i) vegetation primary production, 
(ii) vegetation and soil water content, (iii) land surface albedo, and (iv) 
land surface sensible heat. To showcase our proposed approach, we used 
MODIS data between 2000 and 2018 to characterize ecosystem resil-
ience to the wildfires that occurred in 2005 in NW Iberian Peninsula. 
Our approach allowed us to analyze the main patterns of both the effects 
of and the responses to wildfire disturbances, across the four dimensions 
of ecosystem functioning considered. Overall, our results suggest that 
the proposed metrics can successfully depict key features of the post-fire 
processes in ecosystem functioning, at different timeframes, with a high 
degree of complementarity among each other, and especially among the 
different dimensions of ecosystem functioning. This is the main added 
value of a multi-dimensional approach to analyze ecosystem resilience 
to wildfire disturbances. We argue that such functional approaches can 
provide an enhanced characterization of ecosystem resilience to wild-
fires, ultimately upholding potential implications for post-fire ecosystem 
management, such as those related with fuel management, planning of 
biodiversity conservation measures, and prioritization of afforestation 
and restoration operations. 

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.rse.2022.113441. 
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