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• We provide the ﬁrst classiﬁcation of
EUMed into pyroregions.
• We
examined
variation
across
pyroregions in critical drivers (switches)
of ﬁre activity.
• Vapor pressure deﬁcit and dead fuel
moisture were the major drivers of ﬁre
activity.
• Complex feedbacks with live fuel moisture, wind and atmospheric instability
arose.
• Fire activity showed non-linear increases
as the number of “on” switches increased.
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a b s t r a c t
Wildﬁres are becoming an increasing threat to many communities worldwide. There has been substantial progress towards understanding the proximal causes of increased ﬁre activity in recent years at regional and national
scales. However, subcontinental scale examinations of the commonalities and differences in the drivers of ﬁre activity across different regions are rare in the Mediterranean zone of the European Union (EUMed). Here, we ﬁrst
develop a new classiﬁcation of EUMed pyroregions, based on grouping different ecoregions with similar seasonal
patterns of burned area. We then examine the thresholds associated with ﬁre activity in response to different
drivers related to fuel moisture, surface meteorology and atmospheric stability. We document an overarching
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role for variation in dead fuel moisture content (FMd), or its atmospheric proxy of vapor pressure deﬁcit (VPD), as
the major driver of ﬁre activity. A proxy for live fuel moisture content (EVI), wind speed (WS) and the Continuous
Haines Index (CH) played secondary, albeit important, roles. There were minor differences in the actual threshold
values of FMd (10–12%), EVI (0.29–0.36) and CH (4.9–5.5) associated with the onset of ﬁre activity across
pyroregions with peak ﬁre seasons in summer and fall, despite very marked differences in mean annual burned
area and ﬁre size range. The average size of ﬁre events increased with the number of drivers exceeding critical
thresholds and reaching increasingly extreme values of a driver led to disproportionate increases in the likelihood of a ﬁre becoming a large ﬁre. For instance, the percentage of ﬁres >500 ha increased from 2% to 25% as
FMd changed from the wettest to the driest quantile. Our study is among the ﬁrst to jointly address the roles of
fuel moisture, surface meteorology and atmospheric stability on ﬁre activity in EUMed and provides novel
insights on the interactions across ﬁre activity triggers.
© 2021 Elsevier B.V. All rights reserved.

That is, assessing variability in the “ingredients” (or variables) underlying the ﬁre weather index has been a rare practice, relative to using a
ﬁre weather index. This is, at least partly, because tools for regional
scale estimation of some key “ingredients” have only become available
recently. For instance, the ﬁrst ﬁeld validated regional predictions of
dead ﬁne fuel moisture content (DFMC) were developed only in the
last decade (Nolan et al., 2016b).
Furthermore, a potential limitation of approaches using surface meteorology only is that they do not consider the potential role of atmospheric instability, which could substantially enhance hot dry air
mixing and consequently intensify ﬁre behavior (Potter, 2012a; Potter,
2012b). Atmospheric stability could thus play a key role in deﬁning
the conditions associated with extreme ﬁre behavior, but that is unaccounted for in approaches based on surface meteorology.
A largely untested aspect of the 4 switches concept lies in understanding whether each switch behaves as a binary variable (e.g. on/
off) or as a continuous one that interacts with other switches. That is,
while some work has characterized the minimum thresholds of wildﬁre
activity, particularly in relation to fuel moisture (Dennison et al., 2008;
Jurdao Knecht et al., 2013; Luo et al., 2019; Nolan et al., 2016a), comparably smaller efforts have identiﬁed whether burned area increases as
fuel moisture and ﬁre weather jointly become increasingly extreme
(Ager et al., 2014; Khorshidi et al., 2020; Preisler and Westerling,
2007). In other words, relatively fewer studies have addressed whether
the thresholds for the onset of ﬁre activity are the same as the thresholds for the onset of large (>500 ha), very large (>1000 ha) or extremely large (>2500 ha) ﬁres, or whether the latter depend on
reaching more extreme values of fuel moisture and ﬁre weather
(Rodrigues et al., 2019).
Another factor adding uncertainty in ﬁre danger forecasts is that
most of the work conducted so far to identify critical conditions associated with ﬁre occurrence in EUMed has focused on regional, national or
peninsular scales (Rodrigues et al., 2020; Ruffault et al., 2018a; Trigo
et al., 2016). However, studies comparatively addressing similarities
and differences at subcontinental scale are rare. This is unfortunate because there are very marked differences in terms of burned area and
timing of ﬁres within the EUMed (San-Miguel-Ayanz et al., 2020). It is
thus unknown whether differences in ﬁre activity across EUMed result
from differences in the critical fuel moisture and ﬁre weather conditions
or in other factors such as fuel loads, ignitions or the synoptic weather
patterns leading up to critical conditions. Understanding commonalities
and differences is also important to inform current EU plans for developing a joint center of ﬁre prevention at a continental scale within the
EU Civil Protection Mechanism (Cook and Dorussen, 2021).
A promising approach for understanding spatial variation in ﬁre
activity lies in the characterization of pyroregions, which group different areas with similar temporal patterns of ﬁre activity (Trigo et al.,
2016). Current efforts towards grouping different EUMed areas into
pyroregions have been developed at regional or peninsular scales, but
not at subcontinental scales (Calheiros et al., 2020; Curt et al., 2014;
Moreno and Chuvieco, 2013). Furthermore, pyroregion establishment

1. Introduction
Wildﬁres are a natural phenomenon in many ecosystems worldwide, including those from southern Europe, but they have become an
increasing concern in recent decades (Karavani et al., 2018), and especially in recent years, with the occurrence of unprecedented and disastrous ﬁre seasons i.e. in Portugal (2017) or Greece (2018) (Boer et al.,
2017; Haynes et al., 2020). Some attributes of the ﬁre regime have
shifted notably, transforming wildﬁres into a major civil protection
issue (Pastor et al., 2020; Resco de Dios and Nolan, 2021; Tedim et al.,
2020). Improving our understanding of wildﬁre activity, and particularly of extreme wildﬁres, is thus necessary to prevent the loss of lives
and avoid future catastrophes.
The determinants of wildﬁre activity can be broadly summarized as
four drivers, arranged hierarchically and acting conceptually as switches
(Bradstock, 2010). That is, large ﬁres require the concurrence of vast fuel
loads that are spatially connected (switch 1) and dry enough to sustain a
ﬁre (switch 2) if an ignition occurs (switch 3) under weather conditions
conducive to ﬁre spread (switch 4). There is consensus, at least to some
degree, in that large ﬁres occur when critical thresholds associated with
each of the four switches are crossed (Abatzoglou et al., 2018; Boer et al.,
2017; Duane et al., 2021; Krawchuk and Moritz, 2011). However, deﬁning which variables better represent the different switches and quantifying their corresponding thresholds, as well as the interactions
between them, remains less clear.
Long term variation in ﬁre activity levels are a function of fuel production (switch 1) and desiccation (switch 2) (Boer et al., 2021), but
fuel moisture (switch 2) and ﬁre weather (switch 4) are particularly important to predict seasonal variation in the likelihood of ﬁre (Boer et al.,
2017; Krawchuk and Moritz, 2011). This is because only fuel moisture
and ﬁre weather vary temporally at scales relevant for ﬁre danger predictions (monthly to daily scales). Fuel loads (switch 1) change over
years or decades and ignitions (switch 3) are largely driven by arson
or negligence (at least in southern Europe, although lightning can occasionally be important (Fernandes et al., 2021)) and occur over hours
and days.
The challenge of predicting ﬁre danger at subcontinental scale then
lies in deﬁning and quantifying the fuel moisture and ﬁre weather
switches, as well as in identifying the critical thresholds associated
with ﬁre activity. A common approach to date has been the use of ﬁre
weather indices (Fernandes, 2019; Nolan and Resco de Dios, 2021).
Using surface meteorology data as combined inputs, ﬁre weather indices compute different parameters associated with fuel moisture and potential ﬁre spread (among others). However, they have shown mixed
success in recreating critical ﬁre conditions (Bedia et al., 2015; Boer
et al., 2017; Di Giuseppe et al., 2020) as well as underlying components
such as fuel moisture (Ruffault et al., 2018b), at least in the Mediterranean countries of the European Union (EUMed).
While many studies have examined variation in ﬁre weather indices,
the relationships between the actual variables explaining variation in
fuel moisture and ﬁre weather have been less commonly assessed.
2
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identiﬁed the critical thresholds in selected fuel moisture and ﬁre
weather drivers associated with ﬁre activity across pyroregions. Next,
we examined whether burned area increased with thenumber of
switches being on (that is, as the number of drivers exceeding critical
threshold values). Finally we examined whether large, very large and
extremely large ﬁres were associated with extreme values for fuel moisture and ﬁre weather.

to date has been often (but not always) based on grouping administrative boundaries (e.g. provinces) (Trigo et al., 2016). While such distinction is important as management actions vary across administrative
scales, it does not incorporate biophysical drivers of ﬁre activity and vegetation and climatic boundaries are often better reﬂected in ecoregions
(Olson et al., 2001). However, no work to date has used ecoregions to
deﬁne pyroregions within the EUMed at subcontinental scale.
In this study, we sought to quantify the geographical variation in
critical thresholds of fuel moisture content and ﬁre weather associated
with ﬁre activity within the EUMed. To this end, we ﬁrst determined
the different pyroregions, by examining variation in the temporal pattern of ﬁre activity across ecoregions. We then deﬁned and quantiﬁed
the critical thresholds of fuel moisture and ﬁre weather drivers associated with ﬁre activity. We used estimated values of dead fuel moisture
from a semi-mechanistic model and a remotely sensed vegetation
index as proxy of live fuel moisture content. Fire weather was examined
from a combination of surface variables including relative humidity,
vapor pressure deﬁcit, wind speed and, additionally, the Continuous
Haines Index (C-Haines or CH) was used to indicate atmospheric instability. After selecting the main drivers affecting ﬁre activity, we

2. Methods
2.1. Study area and data sources
This study was performed in 5 EUMed countries (Portugal, Spain,
France, Italy and Greece) considering only the area comprised between
−10° E and 35° E and between 35° N and 48° N. The area is characterized by broad climatic gradients and very marked variation in vegetation types and formations across the 23 ecoregions ranging from
semi-desert shrublands to coniferous sub-alpine forests (Fig. 1a). Data
used in this study included two fuel moisture variables, four surface meteorology variables and one index of atmospheric instability.

Fig. 1. Results of optimal K-means clustering of different ecoregions (A, based on (Dinerstein et al., 2017)) on pyroregions across EUMed (B). Pyroregions are indicated by the part of the
year where the bulk of the burnt area occurs (see text) and are deﬁned as August-ﬁres (AF), early summer ﬁres (ESF), late summer ﬁres (LSF), winter ﬁres (WF) and ﬁre-rare (FR).
3
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sensing to monitor ﬁres exceeding an area of 30 ha, which represent the
vast majority (>80%) of the annual burned area. The downside of this database is that it comprises a relatively short time-span (2006–2020). However, we chose the EFFIS dataset instead of other existing data sets for this
study because it has been comprehensively validated for European forests
(Boschetti et al., 2008; Kalivas et al., 2013). That is, EFFIS provides wildland
burned area estimates, checked against ground—based estimates (Vilar
et al., 2017), and it is often used as the benchmark against which other
products estimating burned area in Europe are tested (Turco et al., 2019;
Vilar et al., 2017). A detailed discussion of the different ﬁre databases
would be out of scope but details on the EFFIS database can be found elsewhere (San-Miguel-Ayanz et al., 2012).

Fuel moisture variables included DFMC modeled following previously
validated approaches (FMd) (Boer et al., 2017; Nolan et al., 2016b; Resco
de Dios et al., 2015), and the Enhanced Vegetation Index (EVI) as a proxy
for live fuel moisture content (LFMC, see Methods A1 Supplementary
Material for full details). We compared the performance of different
remotely sensed vegetation indices as well as a radiation transfer model
against LFMC data from a global database (Yebra et al., 2019). We observed that EVI (Huete et al., 2002) showed the highest correlation
against LFMC (R2 = 0.58) across sample of 1245 data points and it was
used in subsequent analyses (see Methods A1, Fig. A1 and Table A1 Supplementary Material for full description).
Gridded surface meteorological data (0.07° spatial resolution) was
provided by the European Centre for Medium-Range Weather Forecasting (ECMWF). The surface ﬁre weather variables used were relative humidity (RH), vapor pressure deﬁcit (VPD), VPD anomalies (distance to
the 85th percentile of VPD, VPD_p85) and wind speed (WS). RH, VPD
and VPD_p85 are ﬁre weather parameters directly affecting DFMC and
WS additionally affects ﬁre spread. RH determines equilibrium dead
fuel moisture, VPD the rate of drying (and is the major driver of variation in FMd) and VPD_p85 is an indicator of the anomaly in VPD, that
is, whether a heat wave (i.e. high atmospheric aridity) was occurring
and was calculated as the distance relative to the 85th VPD percentile
(VPD85p) over the study period:

2.2. Quantifying pyroregions

where subscript p indicates the value at a given grid cell. This for
determining weather anomalies has been previously followed on ﬁre
weather analyses as it is related to ﬁre behavior, including ﬁre
intensity and energy release (Riley et al., 2013; Rodrigues et al., 2020).
We used 3 pm meteorological records on the start day of the ﬁre
because this is when VPD is at, or near, the daily maximum, and relative
humidity at a minimum and to maximize instability metrics. Consequently, this is the VPD value leading to the lowest daily value of
DFMC (Resco de Dios et al., 2015).
Other studies (Rodrigues et al., 2020) have also examined the role of
air temperature as an indicator of ﬁre weather. Air temperature affects
drying speed as it alters the diffusion coefﬁcient (Log et al., 2017), but
its most important effect is indirect through VPD (and the former is
highly correlated with the latter). Consequently, air temperature was
not explicitly included in our analyses.
Atmospheric instability was calculated using the Continuous Haines
Index (CH, Mills and McCaw, 2010), which is an extended version of the
original Haines index (Haines, 1988) and deﬁned as (Ndalila et al., 2020):

We performed a classiﬁcation of the different pyroregions within
EUMed using the K-means clustering algorithm (Hartigan and Wong,
1979), a technique that has been applied in previous studies seeking to
determine different pyroregions (Trigo et al., 2016). We determined the
optimal number of clusters with the silhouette method (Kaufman and
Rousseeuw, 1990). A map with ecoregion classiﬁcation (Fig. 1A) was obtained from Dinerstein et al. (2017). Although using the ecoregion concept is not exempt from criticism (e.g. it is based on potential, but not
on actual vegetation), it provides ecologically and climatically meaningful
units and it also allows for an approach consistent with previous ﬁre studies (McKenzie and Littell, 2017; Padilla and Vega-Garcia, 2011).
The K-means pyroregion classiﬁcation was performed on the temporal pattern of the relative burned area. That is, we summed burned
area for a given day of the year, relative to the total annual burned
area in an ecoregion as the variable used in clustering. Before performing the K-means clustering, we removed the ecoregions in which ﬁre
was rare (i.e. <6 ﬁres yr−1). When examining the number of ﬁres per
ecoregion, it became apparent that there was a qualitative “jump”
(Fig. A2 Supplementary Material) in the number of ﬁres between
those ecoregions where ﬁre was rare (<82 ﬁres over the study period,
or <6 ﬁres yr−1 on average) and those ecoregions where ﬁres were
common (259–3928 ﬁres over the study period, or 17–262 ﬁres yr−1).
We labeled the ﬁrst group as the Fire-Rare (FR) pyroregion and it was
not considered within the K-means analysis. This is because the limited
number of ﬁres precludes a meaningful analysis of its temporal pattern.
Furthermore, FR included 64% of the study area, so the low number of
ﬁres does not generally result from occupying a small area (but some
small ecoregions, where ﬁre is fuel-limited like the deserts from SE
Spain, also ﬁt within this category). However, the FR pyroregion was included in subsequent analyses on the drivers of ﬁre activity.

CA ¼ ðT850 − T700 Þ=2 − 2

2.3. Fuel moisture - ﬁre weather associations

VPD_p85 ¼ VPD85p − VPDp



1

 100
max VPDp − min VPDp

ð1Þ

ð2Þ

CB ¼ ðT850 − DT850 Þ=3 − 1;

We determined the major associations of fuel moisture and weather
across ﬁres performing a multi-group Principal Components Analysis
(mgPCA) (Eslami et al., 2013). This is similar to a standard PCA but it accounts for differences in variance between groups, thus allowing calculation of common and of pyroregion(group)- speciﬁc PCA features. Four
PCs were explaining each over 5% of the variation in ﬁre traits (as will be
shown in the results section in full detail). We consequently selected the
four most important variables associated with ﬁre activity in EUMed
(one per PC axis) for further analyses, with each of the four variables
thus representing a driver critical for ﬁre occurrence. Variables were
scaled prior to analyses as in standard PCA.

if ðT850 − DT850 Þ > 30, then ðT850 − DT850 Þ ¼ 30;
if CB > 5, then CB ¼ 5 þ ðCB − 5Þ=2;

ð3Þ

CH ¼ CA þ CB

ð4Þ

where T850, T700 and DT850 indicate air temperature at 850 hPa and at
700 hPa and dewpoint temperature at 850 hPa, respectively and they
were obtained from the ERA5 Re-analysis data-sets at 0.25° grid cell size
(Hersbach et al., 2020, https://www.ecmwf.int/en/forecasts/datasets/
reanalysis-datasets/era5). For each of the fuel moisture and ﬁre weather
variables, we extracted the median value of the grid cells within the
boundary of each wildﬁre perimeter on the start day of the ﬁre (ﬁres
in EUMed do not typically last for many days, and the brunt of the burnt
area often occurs in the ﬁrst day (DaCamara et al., 2014)).
We obtained burned area from the European Forest Fires Information
System (EFFIS) (San-Miguel-Ayanz et al., 2012). This system uses remote

2.4. Effects of crossing fuel-weather critical thresholds on ﬁre activity
We then examined threshold responses of ﬁre activity for each of
the four selected drivers. Thresholds in ﬁre activity have often been
identiﬁed using a segmented regression between cumulative burned
area against the driver of interest (Dennison et al., 2008; Nolan et al.,
4
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ecoregions were thus grouped into 4 different pyroregions, in addition
to the previously mentioned ﬁre-rare pyroregion (Figs. 1b, A3 Supplementary Material), aligned across an East-West axis. In the eastern part
of the EUMed study region, the ecoregion of Aegean and Western
Turkey sclerophyllous and mixed forests conformed an independent
pyroregion (Fig. 1b). The ﬁre season showed a unique pattern with the
bulk of the ﬁre activity being concentrated between Julian day of year
204–238 (22 July–25 Aug, Fig. 2a). We will consequently refer to this
pyroregion as the “August-Fires” (AF) pyroregion.
The second pyroregion (moving from East to West) will be referred
to as “Early-Summer-Fires” (ESF) pyroregion. This was the pyroregion
where ﬁres occurred the earliest: half of the annual burned area had already occurred by the 2nd-3rd week of July (day of year 197–207) and
75% of the burned area occurred by the 2nd week of August (day of year
230, Fig. 2b). This pyroregion was comprised by different ecoregions
covering areas from Italy to eastern and central Spain (Fig. 1b).
The Pyrenees conifer and mixed forests ecoregion also conformed a
pyroregion in itself (Fig. 1b), as it was the only region dominated by
winter ﬁres: 90% of annual burned area occurred in the ﬁrst three
months of the year (Fig. 2d). We will refer to this pyroregion as “Winter-Fires” (WF) pyroregion.
The fourth ecoregion, in the west of the EUMed study region, comprised different ecoregions in Portugal and western Spain (Fig. 1b).
This pyroregion was dominated by late summer ﬁres, with the bulk of
the burned area occurring between day of year 215–289 (Aug-mid
Oct, Fig. 2c). We will consequently refer to this pyroregion as the
“Late-Summer-Fires” (LSF) pyroregion.
In addition to these four pyroregions, we also examined ﬁre occurrence in the Fire-Rare (FR) pyroregion (Fig. 1b). Here, rare ﬁres have
been recorded throughout the study period but differences across
those ecoregions were not explored due to the small number of ﬁres,
as previously mentioned (Fig. 2e).
There were statistically signiﬁcant differences in terms of ﬁre size
(Table A2 Supplementary Material) and annual burned area among
the pyroregions (Table 1). The LSF pyroregion was the most ﬁre-prone
of all the EUMed pyroregions as 8.9% of the total of that pyroregion
burned during the 15 years study period. The LSF pyroregion also

2016a). Segmented regression depends on the number of segments
used and, furthermore, different studies use different numbers of segments leading to results that are not always comparable. Instead, we
used a sigmoidal distribution function and deﬁned the threshold associated with the onset of ﬁre activity as the point at which 12% of the cumulative burned area occurred (Figs. A4–A7 Supplementary Material).
This is because 12% of the cumulative burned area is the inﬂection
point where the slope of the sigmoidal function transitions and increases rapidly (Figs. A4–A7 Supplementary Material). Using 12% as
the threshold for determining the onset of the ﬁre activity is a common
practice in studies using sigmoidal functions to determine “lethal dose”
response functions, with 12% indicating the start of negative effects in
those studies (Duursma and Choat, 2017).
This analysis was performed separately for each pyroregion and differences were considered statistically signiﬁcant if the 95% CI (conﬁdence interval) of each estimated threshold did not overlap. We then examined
the changes in burned area as the number of drivers was beyond the critical threshold (that is, beyond the 12%), by using linear regression.
2.5. Effects of reaching extreme values
We analyzed the effects of reaching increasingly higher values of the
critical drivers in two ways. First, we calculated the fraction of large ﬁres
(LF, 500–1000 ha), very large ﬁres (VLF, 1000–2500 ha) and extremely
large ﬁres (ELF, >2500 ha). Then, we calculated the fraction of each
ﬁre category occurring at each quantile of the four selected switches. If
there is no effect of reaching increasingly extreme values of a threshold
on the proportion of LF, VLF and ELF, then we would expect a linear 1:1
relationship. However, if increasingly extreme driver values exert a disproportionate increase in the frequency of LF, VLF and ELF, then the relationship between the quantile of a given variable and the fraction of LF,
VLF and ELF should be non-linear and resemble an exponential increase.
The second analysis we performed to test for the effect of reaching
higher values in the critical switches was to divide the dataset into 11
quantiles, for each of the different drivers (e.g.: 0–5% FMd, 5–15% FMd,
etc). Then, for each of the 11 quantiles (0, 10, 20, 30, 40, 50, 60, 70, 80,
90 and 100%), we examined the fraction of ﬁres that were small ﬁres
(<500 ha), LF, VLF or ELF. We should observe increases in the fraction
of LF, VLF and ELF as the quantiles become more extreme if ﬁre activity
worsens (that is, burned area increases) under more critical environmental conditions.
A complication for the understanding of this quantile analysis lies in
the fact that ﬁre activity is associated positively with WS and CH but
negatively with FMd and EVI. That is, ﬁres often require low moisture
but high wind speeds and instability. This means that ﬁres are associated with low quantiles of FMd and EVI and with high quantiles of WS
and CH. In order to ease the data visualization, quantiles for FMd and
EVI are presented in reverse (100-quantile). In this way, higher quantile
values always indicate higher ﬁre danger, regardless of the driver.
2.6. Software
All the analyses were performed using base packages in R 3.6.3 (R
Core Team, 2020), along with the packages “factoextra” (Kassambara
and Mundt, 2020) for selecting the optimal number of pyroregions during K-means analyses, “multigroup” (Eslami et al., 2020) for the mgPCA
analyses, “ﬁtplc” (Duursma and Choat, 2017) for sigmoidal ﬁtting and
threshold selection, and “raster” (Hijmans, 2021) for remote sensing
and spatial data manipulation.
3. Results
3.1. Deﬁning pyroregions
The silhouette method indicated that 4 clusters was the optimal
number for the K-means (Fig. A3 Supplementary Material). The EUMed

Fig. 2. Temporal pattern of cumulative burned area across pyroregions. The vertical
dashed line indicates August 1st.
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Table 1
Fire number, ﬁre size, burned area and presence of large, very large and extremely large ﬁres across the ﬁve pyroregions during the 15 years study period.
Pyroregion

Annual #ﬁres

Normalized annual BA (%)

% #ﬁres

% BA

Median ﬁre size (ha)

Max ﬁre size (ha)

Sum BA (ha)

#LF

%LF

#VLF

%VLF

# ELF

%ELF

AF
ESF
LSF
WF
FR

53
370
365
21
29

0.27
0.15
0.59
0.09
0.01

6.3
44.1
43.5
2.5
3.5

14.00
34.28
47.89
0.95
2.89

92
78
81
60
74

45,809
32,424
67,521
2930
7289

539,940
1,322,134
1,847,152
36,716
111,394

146
437
590
7
52

18.3
7.9
10.8
2.2
11.8

85
200
275
3
28

10.6
3.6
5.0
0.9
6.4

38
61
105
1
6

4.8
1.1
1.9
0.3
1.4

Normalized BA (burned area) indicates burned area normalized by the total area of the pyroregion. %ﬁres and %BA indicate the % in that pyroregion, relative to the total across pyroregions.
LF, VLF and ELF indicate large (>500 ha), very large (>1000 ha) and extremely large (>2500 ha) ﬁres, respectively. %LF, %VLF and % ELF indicate the %, relative to the total number of ﬁres in
that pyroregion. Pyroregions are indicated by the part of the year where the bulk of the burnt area occurs (see text) and are deﬁned as August-ﬁres (AF), early summer ﬁres (ESF), late
summer ﬁres (LSF), winter ﬁres (WF) and ﬁre-rare (FR).

experienced the largest observed ﬁres (up to 67,521 ha) and it
accounted for 48% of all the burned area in EUMed, although it only occupied 7.8% of the study area. The AF pyroregion was the second most
ﬁre-prone pyroregion, as 4% of its surface was burned during the
study period and it also experienced extremely large ﬁres (of up to
45,809 ha). The ESF pyroregion accounted for 34% of the total burned
area in EUMed (that is, second after Late-Summer-Fires) and large and
extreme ﬁres were also common (Table 1) but only 2% of its surface
was burnt during the study period. Fires in the WF pyroregion burned
1% of its surface area and they also accounted for 1% of the total burned
area in EUMed. There was only one extremely large ﬁre and its maximum size (2930 ha) was one order of magnitude smaller than in the
other three ﬁre-prone pyroregions. The FR pyroregion only accounted
for 3.5% of all ﬁres and for less than 3% of total area burned, despite occupying 64% of the study area (Table 1).

and PC3 thus represented similar wind conditions but different conditions for LFMC (high and low). The fourth PC axis explained 9% of the
variation (7–12%) and it was primarily associated with CH, thus representing high atmospheric instability.
Despite the previously documented differences in seasonal timing
and in size of ﬁres, there seemed to be a convergence in terms of the
fuel moisture and ﬁre weather conditions associated with ﬁre activity
across pyroregions. That is, the associations between PC axis and fuelweather conditions did not differ across pyroregions (Table A3 Supplementary Material) and the percent of variance explained by each PC axis
was also similar (Table 2).
We also calculated the burned area that was primarily associated (that
is, showing the largest score) with each axis (in addition to previously reported values of burned area) and, again, we observed an overwhelming
dominance of the ﬁrst PC axis (the one associated with FMd) as 59% of the
total hectares burned were primarily associated with this axis in the study
period (Table 3), with similar patterns across pyroregions (Table A4
Supplementary Material). It is worth noting, however, that the largest
wildﬁre event in the region (up to 67,521 ha) was primarily associated
with the second PC axis.

3.2. Fuel moisture-ﬁre weather associations
Overall, mgPCA revealed 4 dimensions explaining more than 5% of
the variance in fuel moisture and ﬁre weather traits (Fig. 3, Table 2).
The ﬁrst dimension, explaining 55% of the variance (48–59% depending
on pyroregion), was associated with VPD, RH, FMd and VPD_p85 and it
thus represented dead fuel moisture status. The second PC axis,
explaining 15% of the variation (9–23%, depending on pyroregion) and
the third PC axis, which explained 13% of variation (10–14%), were
both negatively associated with wind speed but PC2 was positively associated with EVI and PC3 was negatively associated with EVI. PC2

3.3. Effects of crossing fuel-weather critical thresholds on ﬁre activity
We examined the critical thresholds associated with ﬁre activity for
the primary drivers of the different fuel and weather parameters previously identiﬁed. That is, we chose FMd as an indicator of the variation
associated with PC1 and, additionally, we examined variation in EVI (associated with PC2 and PC3), WS (associated with PC2 and PC3) and CH
(associated with PC4). Overall, there were little, although statistically
signiﬁcant, differences between FMd12 (the value of FMd at which
12% of the burned area occurs, which was deﬁned as the critical
threshold for ﬁre activity, as previously explained in Methods,
Fig. A4 Supplementary Material) thresholds between AF (12 ±
0.1%; mean ± 95% CI), LSF (10 ± 0.1%) and ESF (11 ± 0.1%)
pyroregions (Fig. 4a). FMd12 in the FR pyroregion was slightly larger
(14 ± 0.3%) and the values in the WF pyroregion were much larger
(27 ± 0.2%). EVI 12 (Figs. 4b, A5 Supplementary Material) showed
similar patterns in that differences across pyroregions were
Table 2
Percent of the variation in fuel moisture and ﬁre weather traits observed in the ﬁrst 4 Principal components across the four pyroregions and the EUMed study area.
Percent of the variation explained by:

AF
ESF
LSF
WF
FR
EUMed (all pyroregions)

Fig. 3. Results of Principal Component Analysis. Factor loadings of the different fuel moisture
and ﬁre weather parameters associated with the ﬁrst four principal components. FMd
indicates modeled dead fuel moisture content (DFMC) and VPD_p85 is the distance to the
85% quantile vapor pressure deﬁcit.

PC 1

PC 2

PC 3

PC 4

52.9
47.6
58.1
59.5
56.2
54.9

14.3
22.8
10.8
9.4
17.9
15.0

13.9
12.2
14.4
10.4
12.1
12.6

12.2
9.6
9.3
6.8
6.8
8.9

Pyroregions are indicated by the part of the year where the bulk of the burnt area occurs
(see text) and are deﬁned as August-ﬁres (AF), early summer ﬁres (ESF), late summer ﬁres
(LSF), winter ﬁres (WF) and ﬁre-rare (FR).
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Table 3
Burned area (BA), number (#) of ﬁres, and size of largest ﬁre (ha) for ﬁres primarily associated with each of the 4 Principal Components across the study area.
PC axis
1
2
3
4

BA (ha)

# ﬁres

Max ﬁre size (ha)

2,282,654
863,412
418,075
293,137

7059
2453
1730
1347

45,809
67,521
11,357
21,762

qualitatively small (varying between 0.29 and 0.36) although these
differences were statistically signiﬁcant across all pyroregions, and
they increased from the WF pyroregion (0.29 ± 0.002), to AF
(0.30 ± 0.001), to ESF (0.34 ± 0.001), to LSF (0.35 ± 0.001) and
they were largest in the FS pyroregion (0.36 ± 0.001).
There were also statistical differences in WS12 across pyroregions
(Figs. 4c, A6 Supplementary Material) and, in this case, the differences
across pyroregions were qualitatively larger as WS12 declined from AF
(3.8 ± 0.1) to LSF (2.4 ± 0.0) to FR (2.3 ± 0.1) to ESF (2 ± 0.0) to WF
(1 ± 0.1). Regarding CH thresholds (Figs. 4d, A7 Supplementary Material), we observed a similar pattern to that in WS as CH12 declined
from AF (5.5 ± 0.0) to LSF (5.4 ± 0.0) to FR (5.3 ± 0.2) to ESF (4.9 ±
0.0) to WF (3.9 ± 0.1).
We observed that area burned in each pyroregion was dependent on
the number of drivers being beyond critical thresholds (Fig. 5). That is,
the slope of the regression between ﬁre size and number of “on
switches” was 169. This indicates that, on average, we can expect ﬁre

Fig. 5. Effects of the number of drivers beyond critical levels (# switches on) on ﬁre size
across pyroregions. β indicates the slope of the linear regression (always signiﬁcant at
p < 0.05) and the pyroregion is indicated by the subscript (see Fig. 1 for an explanation
of the acronyms that designate pyroregions).

Fig. 4. Thresholds associated with the onset of ﬁre activity (12% of cumulative burned area) for modeled dead fuel moisture content (FMd12), live fuel moisture content (EVI12), wind speed
(WS12) and C-Haines (CH12) across the ﬁve different pyroregions (see Fig. 1 for an explanation of the acronyms that designate pyroregions).
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experience extreme ﬁres. That is, at the 50% EVI quantile, only 34%,
29% and 28% of all LF, VLF and ELFs had occurred, respectively
(Fig. 6b), whereas at the 75% EVI quantile, 63, 59 and 58% of LF, VLF
and ELFs had occurred. 50% of all ELFs occurred above the 65–70%
quantile. This implies that we observed an increase in the percentage
of LF, VLF and ELFs from only 2% under the lowest EVI quantile to 16%
under the 80% EVI quantile, but no further increases in the percentage
of LF, VLF or ELF were recorded under higher EVI quantiles (Fig. A8b
Supplementary Material).
We also observed a similar pattern with WS as at the 50% WS
quantile, only 34%, 30% and 27% of all LF, VLF and ELFs had occurred, respectively (Fig. 6c), while 59, 55 and 49% of LF, VLF and ELFs had occurred at the 75% WS quantile. 50% of all ELFs occurred above the
68–77% WS quantile. This led to increases in the number of LF, VLF
and ELFs from 7% under the lowest WS quantile to 19% under the
highest WS quantile (Fig. A8c Supplementary Material).
In the case of CH, 31%, 26% and 24% of all LF, VLF and ELFs had occurred at the 50% quantile, respectively (Fig. 6d). At the 75% CH quantile,
54, 49 and 48% of LF, VLF and ELFs had occurred. 50% of all ELFs occurred
above the 71–75% quantile. The number of small ﬁres also declined from
96% under the lowest CH quantile to 78% under the highest quantile
(Fig. A8d Supplementary Material), which consequently means that
the number of LF, VLF and ELF ﬁres increased from 4% to 22% as CH became more extreme.
We also analyzed the pattern individually for each pyroregion
(Figs. A9-A13 Supplementary Material), but the patterns were
not remarkably different from the general trend we have just
reported.

size to increase by 169 ha per each increase in the number of drivers
that are beyond the critical threshold. In other words, ﬁres occurring
when all critical thresholds in the 4 switches are crossed will be, on
average, (169 ha/switch × 4 switches =) 676 ha larger than those occurring when no switches are on. This slope varied across regions, being lowest in WF pyroregion (19 ha/switch), followed by FR (136 ha/switch), ESF
(178 ha/switch), LSF (212 ha/switch) and biggest in AF (483 ha/switch).
Additionally, the results of the quantile regression indicated that maximum ﬁre size, deﬁned as the 99.5% quantile increased from 273 ha up
to 9078 ha as the number of switches on increased (Fig. 5).
3.4. Effects of reaching extreme values
We further examined the sensitivity of the probability of occurrence of
LF, VLF and ELF as fuel moisture and ﬁre weather parameters became increasingly extreme. We observed that extreme values of FMd were
accompanied by an increasingly large proportion of extreme ﬁres. For
instance, at the 50% FMd quantile, only 26, 20 and 12% of LF, VLF and ELF
ﬁres occurred (Fig. 6a), whereas at the 75% FMd quantile, 55, 49 and 43%
of LF, VLF and ELFs had occurred. In fact 50% of all ELFs occurred while
FMd exceeded the 80% quantile. Similarly, the percentage of small ﬁres
declined from occurring 98% of the time under the lowest FMd values, to
occurring 75% of the time under the highest FMd values (Fig. A8a
Supplementary Material). Conversely, LF, VLF and ELF increased from occurring 2% of the time under low FMd values to occurring 25% of the
time under extreme FMd values (Fig. A8a Supplementary Material).
For EVI, we observed a similar pattern although, in this case, it was
not necessary to reach EVI quantiles as high as in the case of FMd to

Fig. 6. The cumulative fraction of all ﬁres, large ﬁres (LF, >500 ha), very large ﬁres (VLF, >1000 ha) and extremely large ﬁres (ELF, >2500 ha) against the quantile values of modeled dead
fuel moisture content (FMd), the proxy for live fuel moisture content (EVI), wind speed (WS) and C-Haines (CH). All ﬁres fall on the 1:100 relationship, as expected from a linear response,
but LF, VLF and ELF fall under line following an exponential trend (indicating that LF, VLF and ELF are more prevalent under more extreme quantile values). Note that higher quantiles for
FMd and EVI indicate decreasing values (which are associated with higher ﬁre activity).
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Consequently, although normalized burned area (that is, burned area
relative to total region area) in Central and Northern Portugal is much
larger than in the rest of the LSF pyroregion, they were grouped together
with our classiﬁcation scheme. However, these different ecoregions
were classiﬁed into separate pyroregions in other classiﬁcation schemes
based on normalized burned area (Calheiros et al., 2020; Sousa et al.,
2015; Trigo et al., 2016). At any rate, differences in burned area across
pyroregions were apparent (Table 1).
Ultimately, the different criteria for developing classiﬁcation schemes
will depend on the objective. In our case, we were interested in exploring
the critical fuel moisture-ﬁre weather associations leading to wildﬁres
and in the geographical variation in their seasonal timing. Consequently,
we chose to classify pyroregions based on the temporal patterns of ﬁre activity, estimated from burned area. Using this classiﬁcation we were able
to distinguish which are the critical fuel moisture-ﬁre weather associations and whether they differ across pyroregions.

4. Discussion
We present the ﬁrst assessment to date on the pyrogeography, and
its underlying physical drivers, across the EUMed region. We observed
that the seasonal patterns of ﬁre activity across the different EUMed
ecoregions can be grouped within four different pyroregions, distributed across an east to west gradient, along with a ﬁfth pyroregion
where ﬁre is currently rare. There were marked differences in the
intra-annual patterns of ﬁre activity and also in ﬁre size and burned
area across the ﬁve pyroregions. However, despite such disparate variation in ﬁre traits, we observed a convergence in terms of the critical fuel
moisture-ﬁre weather values leading to critical ﬁre conditions. That is,
ﬁre activity across EUMed varied primarily as a function of FMd (or
DFMC) and consequently VPD, secondarily with variation in EVI (or
LFMC) and wind speed and, ﬁnally, with atmospheric instability (CH).
We observed that the critical thresholds for ﬁre activity associated
with FMd, EVI and CH were largely constant across most ﬁre-prone
pyroregions (although some differences appeared in less ﬁre-prone
pyroregions), and only qualitative differences in the threshold for
wind speed occurred across pyroregions. Finally, we found that burned
area increased with the number of fuel moisture and ﬁre weather drivers
being beyond critical threshold values. That is, the likelihood that once a
ﬁre started it would become large, very large or extremely large, increased as the values of FMd, EVI, WS and CH were more extreme.

4.2. Fuel moisture-ﬁre weather associations
We observed that, across all pyroregions, FMd (thus VPD) dominated
the primary axis of variation establishing the fuel moisture-ﬁre weather
associations, explaining 55% of the variation. This observation adds to an
increasing body of literature indicating how vapor pressure deﬁcit is of
critical importance to understanding ﬁre activity due to its effect on
dead fuel moisture content. Previous work had identiﬁed a crucial role
for VPD on different forests worldwide (Abatzoglou and Williams, 2016;
Nolan et al., 2016a, 2016b; Ray et al., 2010; Sedano and Randerson,
2014). However, no study had yet addressed the effects of VPD and FMd
on wildﬁre in European forests at subcontinental scales (but see Resco
de Dios et al., 2021). This is an important result because most studies to
date had identiﬁed a critical role for “drought” (as in below-average precipitation) as a driver of ﬁre activity in EUMed (Cardil et al., 2019), but
without considering the key role of atmospheric drought reﬂected by
VPD.
Exceedance of critical FMd and VPD values were associated, by far,
with the largest proportion of area burned in the entire study area and
also across all pyroregions. Furthermore, the largest wildﬁres in most
clusters were associated primarily with the FMd axis. It is important to
note, however, that the largest wildﬁre event in the LSF pyroregion
was associated primarily with the second PC axis (high wind and low
LFMC): those ﬁres occurred during hurricane Ophelia in Portugal in October 2017 (Castellnou et al., 2018), which was an extreme phenomenon with associated conditions favoring catastrophic ﬁre behavior.
Additionally, the largest wildﬁres in FR were associated with PC axes 2
and 3 (wind with or without strong vegetation drought stress).
These results support the concept that when fuels dry out initially,
only the thinner dead particles are available to ﬁre, but as dry conditions
continue and intensify, increasingly larger dead particles and eventually
also live biomass will become available to burn. High winds and atmospheric instability have similar effects, as they increase the amount of
fuel that is ‘engaged’ or accessible to ﬁre. This could be thought of as a
feedback between the fuel moisture and the ﬁre weather switches,
that lead to successively larger ﬁre sizes as conditions become increasingly extreme.
Our analyses further indicate that CH is also important and should be
considered in ﬁre danger predictions. It is worth noting that CH is just
one of the possible indices to explain atmospheric instability, and the critical issue of hot dry air mixing. We cannot discard that different results on
the inﬂuence of atmospheric instability would have been obtained if a
different index would have been used. An aspect that is particularly
important is understanding the atmospheric conditions associated with
pyroconvection and further research efforts should be focused on elucidating the conditions conducive to such extreme phenomenon (Badlan et al.,
2021) (Tory and Kepert, 2021). Atmospheric instability is currently not
considered in most operational ﬁre danger indices but our results indicate
its importance in creating conditions for larger ﬁre sizes.

4.1. EUMed pyroregions
We were able to group the variations in the temporal patterns of ﬁre
occurrence across the 23 ecoregions in EUMed into 5 pyroregions. The
patterns in the three ﬁre-prone pyroregions largely reﬂected a longitudinal (E-W) gradient of variation that was additionally shaped by orography, leading to a fourth pyroregion (the WF pyroregion covering the
Pyrenees), with a ﬁfth pyroregion considering areas where ﬁres are currently rare.
Winter ﬁres in the Pyrenees result from agricultural activities
(Coughlan, 2014). Understanding the variation in the other pyroregions
is, however, more complex. The Mediterranean climate is characterized
a by a protracted summer drought and the LSF pyroregion coincides
with an area that is more productive and wetter than the ESF (Cramer
et al., 1999). This higher productivity in LSF may partly explain why
ﬁres are bigger in size (higher fuel loads and potentially connectivity).
Similarly, the reason why ﬁres occur later in LSF than in ESF may be
that the wetter LSF requires a longer summer drying period for vegetation to reach critical moisture levels. In fact, it has been speculated that
LFMC does not constrain ﬁre activity, at least in some parts of the ESF,
because it is already below critical thresholds during most of the year
(Resco de Dios et al., 2021).
The results we obtained are not dramatically different to previous
results working at regional (Curt et al., 2014), national (Moreno and
Chuvieco, 2013) or Iberian Peninsula levels (Calheiros et al., 2020;
Sousa et al., 2015; Trigo et al., 2016), but some differences did arise
reﬂecting the advantages and drawbacks of each classiﬁcation scheme.
One of the key advantages of our approach, relative to other approaches, is that it is based on the grouping of ecoregions, instead of administrative units, and that it operates at larger (subcontinental) scales
than previous work. This leads to a pattern that, at least in some cases, is
more consistent with the biophysics of ﬁre. For instance, previous work
had classiﬁed the desert shrublands of Almeria (SE Spain), the Mediterranean pine forests and the mountain forests of the Pyrenees within the
same pyroregion (Calheiros et al., 2020; Sousa et al., 2015; Trigo et al.,
2016). However, we obtained a more biophysically sound classiﬁcation
as we document how each of these environments belongs to a different
pyroregion (FR, ESF and WF, respectively).
Conversely, one of the drawbacks of our classiﬁcation scheme is that
it is solely based on the temporal distribution of burned area over the
calendar year, regardless of how much area was burned in total.
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4.3. Critical fuel moisture and ﬁre weather thresholds

The lack of saturation in FMd is, however, surprising. Given the
hygroscopic nature of plant material, increasing VPD leads to an exponential decline in FMd and, particularly at high VPD values, the decrease in FMd
is proportionally small (Resco de Dios et al., 2015). The reason why does
such a proportionally small decline in FMd lead to larger proportions of
extreme wildﬁres is not entirely clear. It could be because the effect of
even small decreases of FMd below the critical threshold lead to
disproportionate increases in litter ﬂammability. However, it is more
likely that decreases in FMd increase the connectivity of available fuel at
landscape scales. That is, areas that naturally hinder ﬁre propagation,
such as valley bottoms or northern slopes (in the northern hemisphere)
could effectively act as ﬁre breaks if they keep relatively higher FMd
when surrounding vegetation is below critical thresholds (Boer et al.,
2020). However, under increasingly low FMd values, then fuels in
relatively wet areas in the landscape become available to burn and ﬁres
can propagate through them.
It is also important to note that the probability that a ﬁre becomes a
large ﬁre only increases as WS and CH increase above the 60% quantile,
again pointing towards strong non-linear and threshold responses of
ﬁre to critical fuel-weather combinations.
Here we have provided a mechanistic analysis of fuel-weather associations across the different pyroregions from EUMed. However, we expect that the novel approach presented here will be of relevance to
other regions worldwide and it will assist in developing novel approaches towards predicting ﬁre danger. Further research should establish whether the thresholds for ﬁre activity deﬁned here are universal or
applicable in other Mediterranean areas. We argue that future progress
will come from merging such mechanistic approaches with landscape
analyses of fuel load and structure. We also need to better understand
how to incorporate atmospheric instability and, particularly, the likelihood of pyroconvection, into ﬁre danger predictions as its frequency appears to have increased in recent years (Duane et al., 2021). Another
pressing concern is understanding the reciprocal interactions between
the different drivers and the hierarchy of controls that operate across
scales. We acknowledge that one of the limitations of our approach
was that it was not designed to capture such hierarchical control of
the different switches. Our results indicate that fuel moisture was, in
general, the prevailing driver of ﬁre activity in the area, but wind was
the driver of some of the largest ﬁres. We thus need more holistic approaches able to capture the changing hierarchy of constraints depending on regions or environmental conditions.

We observed statistically signiﬁcant yet qualitatively small differences in the threshold values of FMd, EVI and CH associated with the
onset of ﬁre activity in all the pyroregions except for WF. That WF was
an exception is not surprising, since that area is dominated by winter
ﬁres, which result from agricultural activities, and they develop under
very different environmental conditions.
The lack of big differences in FMd, EVI and C-Haines thresholds indicates a convergence in the conditions of fuel moisture and ﬁre weather
leading to wildﬁre activity across the ﬁre-prone pyroregions of the
EUMed. Previous work had identiﬁed reasonably similar thresholds in
DFMC and LFMC across different environments including the temperate
forests of SE Australia (Nolan et al., 2016a) and the boreal forests of N
America (Nash and Johnson, 1996), among others. However, most of
the work so far had been conducted at regional scales and our results
point towards a convergence in the critical fuel moisture conditions associated with ﬁre occurrence in a variety of forest and woodland vegetation
types even at subcontinental scales, and also in atmospheric instability.
The convergence in the critical thresholds indicates that differences
in ﬁre size and in burned area across pyroregions may be more related
to the spatial arrangement of fuel loads or topography, rather than to
fuel moisture or ﬁre weather. That is, the critical thresholds in fuel moisture and ﬁre weather seem largely homogeneous for all the pyroregions
in the EUMed. This indicates that other factors such as landscape fuel
patterns or suppression efforts are responsible for the differences in
ﬁre traits.
The only partial exception to this homogeneity in ﬁre thresholds was
wind speed. While there was relatively little variation within three of
our pyroregions (between 2 and 2.4 m s−1 in ESF, FR and LSF), the
wind speed thresholds in AF (3.8 m s−1) and in WF (1 m s−1) were almost twice (for AF) and half (for WF) than those in ESF. Consequently,
another factor creating heterogeneity in ﬁre patterns across EUMed
pyroregions was wind speed, particularly in AF where ﬁres were associated with higher wind speeds than in other pyroregions. This highlights
the necessity to consider interactions across the different drivers and
how they vary spatially.
4.4. Effects of extreme values
Our analyses show how the probability of extremely large wildﬁres
increases as the values of fuel moisture-ﬁre weather variables become
increasingly extreme. This indicates that a ﬁre switch should not be
viewed solely as a binary (e.g. on/off) variable, but instead as a continuous one. In other words, once the switch is on, ﬁre activity is not independent of the level of the driver, because we found that ﬁre activity
increases as fuel moisture and ﬁre weather variables become more extreme. The increase is, however, not linear but exponential. That is, the
probability that, once a ﬁre occurs it becomes a large, very large or extreme wildﬁre does not change much at low values of fuel moistureﬁre weather variables, but it becomes increasingly likely under more
extreme values. This was particularly the case of FMd, as half of all the
extremely large wildﬁres occurred above the 80% FMd quantile.
This effect was not uniform across all drivers, however, and there
was for instance a saturation response in EVI. That is, increasingly dry
vegetation (beyond the 80% EVI quantile) did not substantially increase
the likelihood of a ﬁre. There are two possible explanations for this. First
is that there is hierarchical control of the different switches on ﬁre activity. That is, once critical values in a given switch are reached, other
switches take on and are responsible for driving ﬁre size. This could explain, for instance, why ﬁres in eastern Spain occur predominantly during the ﬁrst half of July (Balaguer-Romano et al., 2020; Resco de Dios,
2020), a part of the year when live fuel is not particularly dry (or at
least not as dry as at the end of the summer dry period). The second possibility is that once LFMC is low enough (beyond the 80% EVI quantile)
other factors such as WS, CH or FMd become more important.
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